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Abstract

Software testing is critical for ensuring software dependability. However, some test cases,
known as flaky tests, exhibit non-deterministic behavior, passing or failing inconsistently
even with the same source code version. These flaky tests create significant overhead in
software development, requiring developers to rerun tests or debug code unnecessarily.
Traditional approaches for detecting flaky tests involve rerunning them multiple times, a
process that is computationally expensive and impractical for large test suites. Machine
learning (ML) models have been proposed as a scalable alternative to predict flaky tests
without reruns. However, existing ML-based techniques often rely on production code or
project-specific features, limiting their generalizability across diverse projects. Further-
more, the use of predefined feature sets results in suboptimal accuracy when applied to
realistic datasets. To address these challenges, we propose two novel, black-box, large lan-
guage model-based solutions: (a) Flakify: A flaky test predictor that relies solely on the
source code of test cases, eliminating the need for access to production code or predefined
feature sets. Flakify uses CodeBERT, a pre-trained language model, and demonstrates
superior performance on two benchmark datasets. It achieves Fl-scores of 79% and 73%
using cross-validation and per-project validation on the FlakeFlagger dataset, and 98% and
89% on the IDoFT dataset. Flakify outperforms the state-of-the-art solution (FlakeFlag-
ger) by 10 and 18 percentage points in precision and recall, respectively. (b) FlakyFix: A
framework designed to predict the required fix for flaky tests by classifying them into 13
distinct fix categories based solely on test code analysis. By leveraging code models and
few-shot learning, FlakyFix accurately predicts most fix categories. To further enhance
flaky test repairs, we augment GPT 3.5 Turbo prompts with predicted fix category la-
bels. Our experimental results show that 51% to 83% of GPT-suggested repairs pass, with
only 16% of the test code needing further modifications for the remaining cases. These
two approaches significantly reduce the overhead associated with rerunning flaky tests and
provide an efficient method for predicting and repairing flaky tests, making them more
suitable for real-world industrial applications.
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Chapter 1

Introduction

1.1 Motivation

Software testing is an essential activity to assure software dependability. When a test case
fails, it usually indicates that recent code changes were incorrect. However, it has been
observed, in many environments, that test cases can be non-deterministic, passing and
failing across executions, even for the same version of the source code. These test cases
are referred to as flaky test cases [21,60, 131]. Such test cases can introduce overhead to
software development, since they require developers to either (a) debug the production or
testing code looking for a bug that might not exist, or (b) rerun a failed test case multiple
times to check if it would eventually pass, thus suggesting that the failure is not due to
recent code changes but to the test case itself.

Previous research has investigated the common reasons behind test flakiness, such as
concurrency, resource leakage, and test smells. The conventional approach to detect flaky
test cases is to rerun them numerous times [10, 53], which is in most practical cases com-
putationally expensive [71] or even impossible. To address this issue, recent studies have
proposed approaches using machine learning (ML) models to predict flaky test cases with-
out rerunning them [6,13,93], thus proposing a much more scalable and practical solu-
tion. Despite significant progress, these approaches (a) rely on production code, which
is not always accessible by software test engineers or a scalable solution, or (b) employ
project-specific features as flaky test case predictors, which makes them inapplicable to
other projects. Moreover, these approaches rely on a limited set of pre-defined features,
extracted from the source code of test cases and the system under test. However, when
evaluated on realistic datasets, these approaches yield a relatively low accuracy (F1-scores
in the range 19%-66%), thus suggesting they may not capture enough information about
test flakiness. Finding additional features that could potentially be associated with flaky
test cases, preferably based on test code only (black-box), is therefore a research challenge.

Secondly, once these flaky tests are detected, developers must repair them. The pro-
cess involves first localizing the code causing the issue, whether in the test code or the
production code, and then addressing the flakiness in the specific test method.



We propose two black-box (using test code only) solutions using large language models:
(a) Flakify, which analyzes test code using a pre-trained LM to predict flakiness without
rerunning the tests, and (b) FlakyFix, which applies the LLM to categorize the type of fix
needed for flaky tests and then generates a full or partial repair suggestion. These models
are trained to understand and process code structure, syntax, and patterns associated with
flaky tests, either through pre-training or additional fine-tuning with examples. Flakiness
in tests can stem from highly diverse reasons [39] and can be resolved through various
strategies, as evident from the International Dataset of Flaky Tests (IDoFT) [50], the
largest open-source repository containing Java and Python flaky tests and their respective
fixes. Remedies range from altering the test execution order to addressing operating system
or implementation dependencies by code modifications in the test class. Our study mainly
focuses on repairing flaky tests in a black-box manner (no access to production code) by
updating flaky statements within the test case code, which constitutes 10% (562 tests from
accepted pull requests) of the total 5,500 tests in the Java dataset [50]. While such flaky
tests represent a minority in this dataset, techniques to fix them are warranted, thereby
serving the important needs of the testing community in charge of writing and evolving the
test code. In addition, studies such as that of Akli et al. [4] report that, in their dataset,
70% of flakiness issues originate in the test code [52,60], further supporting our focus. The
distinction between fixing the production code and the test code is crucial.

1.2 Thesis Objectives

The long-term goal of this research is to detect flaky tests without rerunning them, to
categorize the flaky tests based on their fix categories, and then finally repair them auto-
matically. This is refined into the following three main objectives:

TO; (Detection of Flaky Tests): Predict flaky tests using LM.

TO2 (Categorization of Flaky Tests): Predict the category of flaky tests according to
the different types of fixes required to repair these tests using different LMs.

TO3 (Repair of Flaky Tests): Based on the predicted category, repair flaky test code
using LLMs.

1.3 Contributions

The research contributions of this thesis include:

1. Flakify: A generic, black-box, language model-based flaky test case predictor, which
does not require rerunning test cases. It predicts flaky test cases on the basis of their
code without requiring the definition of features. This was the first time a LM is
used for predicting flaky tests.



2. An Abstract Syntax Tree (AST)-based technique for statically detecting and only
retaining statements that match eight test smells in the test code, thus enhancing
the application of LM in Flakify.

3. Running a large scale experiment of predicting flaky tests on two distinct datasets:
FlakeFlagger containing 21,661 test cases collected from 23 Java projects, and the
International Dataset of Flaky Tests (IDoFT) containing 3,862 test cases collected
from 312 Java projects.

4. Definition of a categorization for flaky test fixes. The goal is to provide practical
guidance, to a LLM or human, for fixing tests.

5. Development of a set of heuristics (search rules) and accompanying open-source
scripts to automatically label flaky tests based on their fixes, along with the cre-
ation of a public dataset of labeled flaky tests for training, using our automated
script.

6. A novel black box LLM based framework called FlakyFix that:

(a) Predicts flaky test fix categories using code models (LM that are pre-trained on
code) and few-shot learning (FSL).

(b) Automatically generates fixes for flaky tests using a LLM (GPT 3.5 Turbo),
with the predicted fix categories.

Contributions 1-3 address T O, contributions 4-5 address TO9 whereas contributions
6 address TO3. While the author of this thesis is the main author and contributor to
all of the above contributions, contributions 1-3 benefited from the co-supervision of Dr.
Taher A Ghaleb in terms of refining the idea, code contributions, empirical evaluation
design and writing. Similarly, the work done related to contributions 4-6 benefited from
Dr. Hadi Hemmati’s guidance in terms of idea, empirical evaluation design, writing. It
goes without saying that all the contributions above were supervised, guided, and reviewed
by the supervisor of this thesis, Prof. Lionel Briand.

1.4 Publications

In addition to this thesis, the research results have been communicated to the public via
the following publications:

1. Sakina Fatima, Taher A. Ghalib, Lionel C. Briand, “Flakify: A Black-Box, Lan-
guage Model-Based Predictor for Flaky Tests,” in IEEE Transactions on Software
Engineering, vol. 49, no. 4, pp. 1912 - 1927, April. 2023, doi: 10.1109/TSE.2022.3201209

2. Sakina Fatima, Taher A. Ghalib, Lionel C. Briand, “Journal-First Presentation:
Flakify: A Black-Box, Language Model-Based Predictor for Flaky Tests,” in IEEE/ACM

45th International Conference on Software Engineering, Journal-first track, Mel-
bourne, Australia, IEEE/ACM, 2023.


https://www.doi.org/10.1109/TSE.2022.3201209

3. Sakina Fatima, Hadi Hemmati, Lionel C. Briand, “FlakyFix: Using Large Language
Models for Predicting Flaky Test Fix Categories and Test Code Repair,” in IEFE
Transactions on Software Engineering, October. 2024, doi: 10.1109/TSE.2024.3472476

The detailed contributions of each publication is listed in section 1.3, where contribu-
tions 1-4 correspond to publications 1 and 2; and contributions 5-8 correspond to publi-
cation 3. We have provided a detailed statement of contributions of each co-author of the
publications in section 1.3.

1.5 Thesis Structure

The rest of this thesis is structured as follows:

o chapter 2 addresses TO; by providing:

— a background about flaky tests and LM,

— a detailed description of our black-box, LM-based approach for predicting flaky
tests,

— an evaluation of our approach, reporting experimental results and discussing
their implications on the detection of flaky tests.

o chapter 3 addresses TOo by providing:

— a detailed description of our approach for developing an automated tool for
labeling flaky tests with fix categories and predicting such categories using code
models, with and without few shot learning (FSL),

— an evaluation of our approach to categorize the flaky tests, including experi-
mental results and a discussion on their implications,

— a qualitative analysis of different smaller code models to demonstrate and ex-
plain their ability to learn from test code and subsequently make predictions
about categories of the fix required to repair the flaky test.

o chapter 4 addresses TOg3 by providing:

— a detailed description of our approach for repairing flaky tests using LLMS,
including prompt engineering and in-context learning,

— an evaluation of our approach for repairing flaky tests, including experimental
results and a discussion of their implications.

o Finally, chapter 5 discusses the conclusions, practical implications of this research,
its limitations, and future work.


https://www.doi.org/10.1109/TSE.2024.3472476

Chapter 2

Detection of Flaky Tests

This chapter addresses TO1, i.e. black-box LM-based detection of flaky tests. The contents
of this chapter have been published in the Journal of Transactions on Software Engineering
(TSE) [27].

2.1 Overview

As discussed in chapter 1, Chapter Structure. The rest of this section is structured as
follows. Section 2.2 provides background materials on the problem of flaky tests, challenges
in detecting these tests, and the use of LMs. Section 2.3 discusses our flaky test detection
approach in detail. Section 2.4 presents the evaluation of flaky test detection and discusses
the results. Section 2.5 explains threats to the validity. Section 2.6 reports related work
and finally, Section 2.7 concludes this chapter.

2.2 Background

In this section, we describe flaky tests, their root causes, their practical impact, and the
strategies to detect them. In addition, we describe pre-trained LMs and how they can
potentially contribute to predicting flaky test cases.

2.2.1 Flaky Test Cases

In software testing, a flaky test refers to test cases that intermittently fail and pass across
executions, even for the same version of the source code, i.e., non-deterministically behav-
ing test cases [131]. Flaky test cases lead to many problems during software testing, by
producing unreliable results and wasting time and computational resources. A flaky test
can also fail for different reasons across executions, making it difficult to identify which
failures are actually related to faults in the system under test.



Flaky test cases have been reported to be a significant problem in practice at many
companies including Google, Huawei, Microsoft, SAP, Spotify, Mozilla, and Facebook [9,
38,51,130]. As reported by Google, almost 16% of their 4.2 million test cases are flaky [71].
Microsoft has also reported that 26% of 3.8k build failures were due to flaky test cases.
Many studies have been conducted to study flaky test cases, their causes, and the solutions
to address them [6,10,13,60,85,93,94,131]. Prominent causes of flaky test cases include
asynchronous waits, test order dependency, concurrency, resource leakage, and incorrect
test inputs or outputs. In addition, flaky test cases were found to be associated with other
factors, such as test smells, which are further discussed below.

2.2.2 Flaky Test Case Detection

The most common approach for detecting flaky test cases is by rerunning test cases nu-
merous times to check whether they behave consistently across executions [10,53]. Though
effective, this approach is computationally expensive and not practical in many situations,
for example in continuous integration contexts, where builds are submitted automatically
and frequently to perform regression testing. To mitigate such cost, other approaches
attempted to detect flaky test cases without relying on rerunning them. To that end,
characteristics of test cases, such as execution history, coverage information, and static
test features, were used to predict whether a test case is flaky or not. Prediction models
were built using ML and Natural Language Processing (NLP) techniques [6,13,93]. Such
techniques require training ML models with pre-defined sets of features used as indicators
for test flakiness. Such features commonly present practical limitations, such as (a) their
reliance on production code, which is not always accessible or efficiently analyzable by test
engineers, and (b) their limited capacity to capture the actual structure or behavior of test
cases, such as the use of language keywords [93] or the presence of test smells [6,13,94] in
test code.

After identifying potentially flaky test cases, developers can focus their investigation
on them and, hence, attempt to fix code statements causing such flakiness. Developers
may also choose to rerun those specific test cases many more times to verify that they are
actually flaky [86]. This is a reasonable undertaking, since test cases predicted as flaky
normally represent a small percentage of the entire test suite. This, in turn, significantly
eliminates a large part of the effort and time required to investigate or rerun test cases
whenever a failure occurs [6].

2.2.3 Test Smells

Test Smells are inappropriate design or implementation choices made by developers while
writing test cases [109]. Though test smells might not harm the functionality of a test case,
previous research has reported that they tend to be associated with test flakiness. Test
smells were further employed to classify whether a test case is flaky or not. For example,
test smells in Table 2.1 were part of the features used by Alshammari et al. [6] to predict
test flakiness. Camara et al. [13] also used a more comprehensive set of test smells for flaky



Test Smell Description

Indirect Testing A test interacts with the class under test using methods from other classes
Eager Testing A test performs multiple checks for various functionalities

Test Run War A test allocates files or resources that might be used by other test cases
Conditional Logic A test uses a conditional if statement

Fire and Forget A test launches background threads or processes

Mystery Guest A test accesses external resources

Assertion Roulette A test performs multiple assertions

Resource Optimism A test accesses external resources without checking their existence

Table 2.1: Test smells used by FlakeFlagger [6]

test case prediction. Results showed that Sleepy Test and Assertion Roulette are among
test smells that are highly associated with flaky test cases.

2.2.4 Pre-trained Language Models

Much research has been carried out in the field of NLP for developing pre-trained LMs.LMs
estimate the probability of different linguistic units, i.e., words, symbols, and sequence of
them, occurring in a given sentence. There are many LMs proposed in the literature, such
as BERT [18], ELMo [92], XLNet [123], RoBERTa [59], and VideoBERT [106]. These
models were pre-trained, using self-supervised learning, on a large corpus of unlabelled
data. For example, BERT was pre-trained using a large dataset of English text collected
from books and Wikipedia, whereas VideoBERT was pre-trained using a large dataset of
instructional videos collected from YouTube.

Pre-trained LMs are often further fine-tuned using a specific, labelled dataset to train
neural networks for performing various NLP tasks, such as text classification and entity
recognition [74], relation extraction [8], sentence tagging, or next sentence prediction [18].
For example, BERT was fine-tuned to perform sentiment analysis [107,122], trained on
labelled datasets to assign sentiment tags, i.e., positive, negative, or neutral, to a given
text. Fine-tuning requires initializing a LM with the same parameters used for pre-training,
and then further training the model using labeled data related to a specific task.

LMs usually employ multi-layer transformers as a model architecture to perform many
computations in parallel [110]. Transformer models adopt positional embedding to vector-
ize individual words by considering their positions in a given sequence of words. Thus, un-
like Recurrent Neural Networks (RNNS) [61] and Long-Short Term Memory (LSTM) [41],
transformer models do not require looking at past hidden states to capture dependencies
with previous words in a sequence of words.

Given the wide popularity of LMs in various NLP applications, researchers have at-
tempted to apply these LMs to programming languages. However, when BERT, for exam-
ple, was used for detecting the architectural tactics in source code [47], e.g., recognizing
software design patterns, the results were relatively worse compared to those obtained when
BERT was used for natural language text. To address this issue, recent work proposed
pre-training LMs on source code written in many programming languages in addition to



natural language text [29,36,45,46]. These models are well suited for fine-tuning to perform
tasks related to source code. CodeBERT [29] is an example of a LM that was pre-trained
on both natural and programming languages.

CodeBERT

CodeBERT [29] is a LM that was pre-trained on a large, unlabeled dataset containing
English text as well as source code written in six different programming languages, namely
Java, JavaScript, Python, Ruby, PHP, and Go, obtained from the CodeSearchNet cor-
pus [44]. CodeBERT takes, as input, source code statements and natural language sen-
tences, which are then tokenized using the WordPiece [119] tokenizer. Similar to BERT and
RoBERTa, CodeBERT uses a multi-layer bidirectional transformer [110] as model archi-
tecture. This transformer is composed of six layers, each of which contains 12 self-attention
heads capturing word relationships, a hidden state, and a 768-dimensional vector, as the
output of each layer.

CodeBERT also employed Masked Language Modeling (MLM) [18] and Replaced Token
Detection (RTD) [16] during pre-training, allowing to take tokens from random positions
and masking them with special tokens, which are later used to predict the original to-
kens. As a result, each token is assigned a vector representation containing information
about the token and its position in a given code. The final output of CodeBERT is a
single vector representation aggregating all individual vector representations. This vector
representation can further be fine-tuned to perform various tasks, e.g., classification. For
example, to evaluate the performance of CodeBERT, it was fine-tuned to perform two
tasks: (1) code search, i.e., retrieving the most relevant code to a given natural language
text; (2) code documentation, i.e., generating a natural language description for a given
source code. Moreover, CodeBERT was also adopted to perform classification tasks, such
as bug prediction [82] and vulnerability detection [118].

Other Models for Programming Languages

As mentioned above, recently, many LMs for programming languages were proposed. For
example, GraphCodeBERT [36] was pre-trained on the inherent structure of source code
and its data flow showing variables dependencies. Similar to CodeBERT, GraphCodeBERT
was used for code search, in addition to code translation and refinement as well as clone
detection. Another model for programming languages is TreeBERT [45], which was pre-
trained using AST representations of Java and Python source code. TreeBERT was used
for code documentation, similar to CodeBERT, in addition to code summarization. There
is also CuBERT [46], a programming LM pre-trained using Python source code. CuBERT
was used for classification tasks, such as classifying exceptions and variable misuses.

Despite the capabilities of these models, CodeBERT has been the most commonly used
LM and we selected it to address our objectives for several reasons presented below.

« The pre-trained CodeBERT model is publicly available.!

Ihttps://huggingface.co/microsoft/CodeBERT-base
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o Unlike GraphCodeBERT, CodeBERT does not take into consideration the data flow
in a given source code, which might not be easy to capture using test code only. For
example, unlike local variables, if a global or external variable is used by a test case,
GraphCodeBERT cannot identify the type and value of that variable when analyzing
test code only.

o Unlike TreeBERT, which requires converting source code into ASTs, CodeBERT only
requires source code as input.

o Unlike CuBERT, which was only pre-trained on Python source code without com-
ments, CodeBERT was pre-trained on multiple programming languages using both
source code and natural language comments.

2.3 Black-Box Flaky Test Case Predictor

This section describes our black-box solution for predicting flaky test cases. This is moti-
vated by making such predictions scalable, as white-box analysis of the production source
code, especially in the context of large systems, is often not a viable solution.

2.3.1 CodeBERT for Flaky Test Case Prediction

In this chapter, we propose Flakify, a black-box solution for predicting whether a test
case is flaky or not. Flakify relies solely on the source code of a test case and does not
require to rerun it multiple times. The source code of test cases, i.e., Java test methods,
includes the method declaration, body, and it associated Javadoc comments. While several
studies have proposed ML techniques to predict flaky test cases, such techniques rely on
pre-defined features extracted not only from the source code of test cases but also that
of the system under test. However, results [6,13,93] suggest those features may not be
enough, and finding additional features that could potentially be associated with flaky test
cases remains a research challenge given their non-deterministic behavior. Therefore, we
employed CodeBERT, the pre-trained code model described above, to perform a binary
classification of test cases as Flaky or Non-Flaky. CodeBERT does not require to define
features as it automatically identifies patterns based on the syntax and semantics of a given
test code.

CodeBERT starts by converting the source code of a test case into a list of tokens, each
of which is converted into an integer vector representation. Finally, an aggregated vector
representation is generated as an output of CodeBERT, which is further fine-tuned to
classify test cases as Flaky or Non-Flaky. Figure 2.1 presents an example of how the source
code of a test case is converted into tokens and then into integer vector representations.

Source Code Tokenization

To transform the source code into tokens, the source code of test cases is tokenized by the
WordPiece [119] tokenizer using a pre-generated vocabulary file containing the vocabulary
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of both English and programming languages used for model pre-training. However, uncom-
mon words, i.e., those that do not exist in the vocabulary file, are separated into several
sub-words. For example, the CodeBERT tokenizer splits ‘assertThat’ into ‘assert’ and
‘##that’, where ‘##’ denotes that a token represents a sub-word. Then, if a token is not
found in the vocabulary file, the unknown token, <UNK>, is used. For each input, two spe-
cial tokens, [CLS] and [SEP], are added. Eventually, for a given source code, the tokenizer
generates a sequence of tokens in the form of [CLS], ¢y, co, .., c,, [SEP], where ¢; is a code
token. The [CLS] token plays an important role in the classification of flaky test cases,
as it contains the aggregated vector representation of all the vector representations of the
tokens of a given test case. On the basis of that aggregated vector representation, our
model classifies a test case as Flaky or Non-Flaky. [SEP] is just used to mark the end of
the sequence of tokens. The tokenizer also adds ‘G’ in front of each word that is preceded
by a whitespace in a statement.

Converting Tokens into Vector Representations

Once the source code tokens are generated, each token, including sub-word, special, and
unknown tokens, is mapped to an index, e.g., id 34603 for “Test” in Figure 2.1, based
on the position and context of each word in a given input. Each token is described by
an 768-dimensional integer vector generated during CodeBERT pre-training. Using token
padding, the same token length is given to the code of all test cases used as input, e.g.,
“17 in Figure 2.1. However, CodeBERT has a limit of 512 tokens per input. As a result,
any token sequence exceeding that limit is truncated, which might lead to removing code
statements with potentially relevant information about test flakiness. In addition to input
tds matching tokens, another list of attention masks is generated containing ones and zeros
to help the model distinguish between code tokens, which should be given attention, and
extra tokens added for padding. Finally, for each test case, token vectors are aggregated to
form one vector characterizing the [CLS] token, which is also represented using a 768-sized
vector referred to by the first input index ‘0.

Fine-Tuning CodeBERT for Flaky Test Classification

CodeBERT was pre-trained with a huge number of parameters, enabling it to recognize
the source code structure. As a result, if CodeBERT were to be trained from scratch on
our dataset, it would result into over-fitting. To avoid that, CodeBERT, similar to other
LMs [43], needs to be fine-tuned using data representative of the problem at hand. To do
this, we employed CodeBERT as pre-trained and use its outputs, on our dataset, to train a
Feedforward Neural Network (FNN) to perform binary classification of test cases as flaky
or non-flaky, as shown in Figure 2.2.

The output of CodeBERT, i.e., the aggregated vector representation of the [CLS] token,
is then fed as input to a trained FNN to classify test cases as flaky or not. The FNN contains
an input layer of 768 neurons, a hidden layer of 512 neurons, and an output layer with two
neurons. We used ReLU [3] as an activation function, which helps to speed up training
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@Test
public void test_example() throws Exception

{
}

assertThat(expected, actual);

! | Code is tokenized

'@', 'Test', 'Gpublic', 'Gvoid',
'Gtest', '_', 'example', '()',
'Gthrows', 'GException', 'G{',
‘assert', 'That', '(', 'expected’,
',', 'Gactual', ');', '}’

Tokens are assigned indices

@ and attention mask

'input_ids": [0, 1039, 34603, 285, 13842, 1296,
1215, 46781, 43048, 6989, 47617, 25522,
46346,1711, 1640, 10162, 6, 3031, 4397,
24303,2,1,1,1,1,1,1, ..., 1]

‘attention_mask': [1,1,1,1,1,1,1,1,1,1,1,1,
1,1,1,1,1,1,1,1,1,0,0,0,0,0,0, ...., 0]

Figure 2.1: The process of converting the source code of a test case into a sequence of
tokens, where each token is assigned an input index (id) and attention mask. Dots ‘... are
used to save space, since the actual length is 512. The input id of each token refers to a
768-dimensional vector representation.

by transforming the data within layers and output the input directly if it is positive or
zero otherwise. Then, we added a dropout layer [105] to eliminate some neurons randomly
from the network, by resetting their weights to zero during the training phase to prevent
model over-fitting [22]. We used the Softmaz function to compute the probability of a
test case to be Flaky or Non-Flaky. We used a learning rate of 107 using the AdamW
optimizer [125] and employed a batch size of two due to computational limitations. Using
this configuration, we further trained CodeBERT on our training and validation datasets,
which enabled the selection of improved parameter values for weights and biases through
back propagation. We then evaluated the model, with the obtained weights, using a test
dataset.
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Classifier

Flaky
I m - Feedforward L
Test case CodeBERT Vector of [CLS] ~ < Neural Network Non-
\_/_ ’

Flaky

Figure 2.2: Fine-tuning CodeBERT for classifying test cases as flaky or not

2.3.2 Identifying Test Smells

As indicated above, the 512 token length limit induced by CodeBERT truncates longer test
code, which leads to losing potentially relevant information about test flakiness. Therefore,
we pre-possessed the source code of test cases to reduce their token length by only retaining
information believed to be more relevant to test flakiness. To this end, for test cases
exceeding the token length limit, we retained only code statements that match at least one
of the eight test smells that were used by FlakeFlagger [6] as predictors for flaky test cases.
We also retained the method declaration and the associated Javadoc, since the signature
and natural language description, if any, of the test case, might contain key terms or
phrases that are likely associated with test flakiness, e.g., ”..failures...unnecessary...” or

“thread-safe”.

There exist several open source tools available for detecting test smells [5]. However,
these tools, e.g., tsDetect [91] and JNose Test [112], either rely on production code for
detecting test smells or do not detect all test smells that are potentially relevant to test
flakiness [6]. While Alshammari et al. [6] detects all the eight test smells shown in Table 2.1,
their technique does so by running test cases and requiring access to the production code
for smell detection. Though we were inspired by the heuristics used by Alshammari et
al. to detect test smells, given that our approach aims to be black-box, we developed an
entirely different technique that detects test smells statically, relying exclusively on test
code without requiring to run test cases. Flakify detects all targeted test smells and can
be easily extended to detect additional test smells. We used an Abstract Syntax Tree
(AST) [78] parser, provided by the Eclipse JDT library,? to statically traverse any given
test code and retain statements that match any of the targeted test smells.Using this
library, each Java file in a test suite is parsed and converted into AST nodes representing
different code elements, e.g., method declaration or invocation. Then, an AST visitor is
used to traverse those AST nodes. We extended the AST visitor to check the AST nodes
related to method declarations and apply heuristics (described below) to detect and retain
code statements that match at least one test smell. Such statements are extracted as part
of the pre-processed code.

Figure 2.3 gives an example of a Java test method, test_example, and how it is pre-
processed. As we can see, test_example has seven different statements, four of them
having test smells. In particular, test_example contains the following test smells: Fire
and Forget (line 5 — launching a thread), Conditional Test (line 7 — if condition), and
Assertion Roulette (lines 8 and 10 — multiple assertions). As a result, our technique retains

’https://www.eclipse.org/jdt

12


https://www.eclipse.org/jdt

only these four statements, which in turn leads to reducing the token length from 62 to
43 (31% reduction rate). We expect our test code pre-processing to help improve the

classification performance, since it mitigates the random truncation of code statements
induced by CodeBERT.

1 @DTest | Original code
2 public void test_example() throws Exception
3 {
4 inti=0; —
5 new Thread() {public void run() {}}.start(); «—f—Fire and Forget
6 methodCall();
7 if (condition)) { «¢ Conditional Test “—Test Smells
8 assertThat(expected, actual); ¢————
9 for (i; i < max; i++) { Assertion Roulette
10 assertTrue(expected), ¢———— —
11
12}
13}

Test method is pre-processed to retain

only statements with test smells
@Test | Preprocessed code

public void test_example() throws Exception

new Thread() {public void run() {}}.start();
if (condition)) {
assertThat(expected, actual);
assertTrue(expected);

}
}

Figure 2.3: Example of pre-processing the source code of a test case, which leads to reducing
the number of tokens from 62 down to 43

Heuristics for Detecting Test Smells

To detect test smells in test code, we followed the same detection heuristics as those used
by Alshammari et al. [6]. However, different from this work, which extracts test smell
information dynamically from the test and production code (code coverage), we detected
test smells statically by analyzing the test code only. To this end, we used an Abstract
Syntax Tree (AST) [78] parser, provided by the Eclipse JDT library,® to traverse any
given test code and retain statements that match, according to our heuristics, any of the

Shttps://www.eclipse.org/jdt
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targeted test smells. Using this library, each Java test file in the test suite is parsed and
converted into AST nodes representing different code elements, e.g., method declaration
or invocation. While parsing Java test files, not all types are necessarily resolved due to
missing production code. We describe below the heuristics used to identify each of the
eight test smells presented in Table 2.1. For each test case, i.e., test method, we analyzed
each statement to check whether it matches one of the targeted test smells. If so, we
retain that statement as part of the pre-processed test code and otherwise exclude that
statement. For some test smells, we added flags, i.e., a Java line comments appended to the
end of each statement matching the test smell, to help our fine-tuned model learn about
the association of these statements with test flakiness. The test smells used in this work
were detected as described below.

e Indirect Testing: We check whether a statement invokes a method that belongs
to a class other than the test class or the production class under test. Since our
approach is black-box, i.e., no access to production code, the production class name is
extracted from the test class name by removing the word ‘Test’. This is a commonly
used coding convention, but our approach can easily be adapted to other coding
conventions in practice [83]. Any statement that is found to invoke such methods is
retained and the ‘//IT flag is added.

o Eager Testing: We check whether a test case invokes more than one method belong-
ing to the production class under test as it can introduce confusion to what exactly a
test method is testing [5]. If this is the case, we retain the statements invoking these
methods, adding the ‘//ET’ flag.

e Test Run War: We check whether a statement accesses static variables that are
not declared as final, as the value of such variables could be changed by other test
cases in different test executions, especially when a test case is order-dependent, which
can then cause resource interference during test case execution [6]. Any statement
that is found to use one of these variables is retained, adding the ‘//RW’ flag.

o Conditional Logic: We check whether a statement contains an if condition. If so,
we retain if statements, including their logical expressions. The presence of condi-
tional statements makes test case behavior dependent on their logical expressions,
thus making them unpredictable [5]. For the statements inside the then and else
blocks, we only retain those that match one of the eight test smells.

e Fire and Forget: We check whether a statement invokes a method that launches
a thread by checking if the invoked method belongs to the java.lang.Thread class,
java.lang.Runnable interface, or java.util.concurrent package. Thread-related
statements make test cases prone to synchronization issues during their execution [94].
If this test smell is present, we retain that statement.

e Mystery Guest: We check whether a statement invokes a method that accesses
external resources, such as the file system (via java.io.File), database system
(via java.sql, javax.sql, or javax.persistence), or network (via java.net or
javax.net). Such external resources can introduce stability and performance issues

14



during test case execution [94]. Any statement that is found to use methods that
belong to one of these classes or packages is retained.

o Assertion Roulette: We check whether a statement performs one of the following
assertion mechanisms, including assertArrayEquals, assertEquals, assertFalse,
assertNotNull, assertNotSame, assertNull, assertSame, assertThat, assertTrue,
and fail. If so, the statement is retained. Multiple assert statements in a test method
makes it difficult to identify the cause of the failure if just one of the asserts fails [13].

o Resource Optimism: We check whether a statement accesses the file system
(java.io.File) without checking if the path (for either a file or directory) ex-
ists. Doing so makes optimistic assumptions about the availability of resources,
thus causing non-deterministic behavior of the test case [91]. We check the test
initialization method (usually named as setUp or containing the @Before annota-
tion) for any path checking method, including getPath(), getAbsolutePath(), or
getCanonicalPath(). If no such checking is present, the statement is retained,
adding the ‘//R0’ flag.

2.4 Validation

This section reports on the experiments we conducted to evaluate how accurate is Flakify
in predicting flaky test cases and how it compares to FlakeFlagger as a baseline. We discuss
the research questions we address, the datasets used, and the experiment design. Then,
we present the results for each research question and discuss their practical implications.

2.4.1 Research Questions

« RQ1: How accurately can Flakify predict flaky test cases?

The performance of ML-based flaky test predictors can be influenced by the data
used for training and the underlying modeling methodology. In this RQ, we evaluate
Flakify on two distinct datasets, which differ in terms of numbers of projects, ratios
of flaky and non-flaky test cases, and the way flaky test cases were detected. In
addition, predicting flaky test cases can be influenced by project-specific information
used during model training, which is not available for new projects. Therefore, we
evaluate Flakify using two different procedures: 10-fold cross-validation and per-
project validation. The former mixes test cases from all projects together to perform
model training and testing, whereas the later tests the model on every project such
that no information from that project was used as part of model training.

« RQ2: How does Flakify compare to the state-of-the-art predictors for
flaky test cases?

Many solutions have been proposed to predict flaky test cases. In this RQ, we
compare the performance of our best performing model of Flakify (with test case

15



pre-processing) to two versions (white-box and black-box) of FlakeFlagger, the best
flaky test case predictor to date.

RQ2.1: How accurate is Flakify for flaky test case prediction compared
to the best white-box ML-based solution? White-box prediction of flaky test

cases requires access to production code, which is not (easily) accessible by software
test engineers in many contexts. We assess whether Flakify achieves results that are
at least comparable to the best white-box flaky test case predictor. Specifically, we
compare the accuracy of the best performing model of Flakify with FlakeFlagger [6],
the best white-box solution currently available, on the dataset used by FlakeFlagger.
Our motivation is to determine whether black-box solutions, based on CodeBERT,
can compete with the state-of-the-art, white-box ones. We compare the results of
Flakify and FlakeFlagger on the dataset on which FlakeFlagger was evaluated, here-
after referred to as the FlakeFlagger dataset. We also performed a per-project val-
idation of Flakify compared against FlakeFlagger to assess their relative capability
to predict test cases in new projects.

RQ2.2: How accurate is Flakify for black-box flaky test case prediction
compared to the best ML-based solution? Existing black-box flaky test case

prediction solutions rely on a limited set of features that are sometimes project-
specific or applicable only to a certain programming language, e.g., Java [93], since
they were trained on features capturing the keywords of that language. Besides not
being generic, the accuracy of these solutions has shown to be very low compared
to white-box solutions [6]. Therefore, we compare the accuracy of Flakify with a
black-box version of FlakeFlagger, by excluding the features related to production
code, such as code coverage features (see Table 2.2).

« RQ3: How does test case pre-processing improve Flakify? The token length

limitation of CodeBERT may lead to unintentionally removing relevant information
about flaky test cases, which could then impact prediction accuracy. We assess
whether the accuracy of Flakify is improved when training the model using pre-
processed test cases containing only code statements related to test smells, as opposed
to the entire test case code. We fully realize that we may be missing test smells or
unintentionally removing relevant statements. But our motivation is to assess the
benefits, if any, of our approach to reduce the number of tokens used as input to
CodeBERT. We performed this analysis on both the FlakeFlagger and the IDoF'T
datasets.

2.4.2 Datasets Collection and Processing

To evaluate Flakify, we used two publicly available datasets for flaky test cases. The first
dataset is the FlakeFlagger dataset [6]. The second dataset is the International Dataset of
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Category ‘ Feature Description

9 Presence of Test Smells See Table 2.1

A Test Lines of Code Number of lines of code in the body of the test method

% Number of Assertions Number of assertions checked by the test

= Execution Time Running time for the test execution

= Libraries Number of external libraries used by the test

5 Source Covered Classes Number of production classes covered by each test

?._) Source Covered Lines Number of lines covered by the test, counting only production code

b= Covered Lines Number of lines of code covered by the test

= Covered Lines Churn Churn of covered lines in past 5, 10, 25, 50, 75, 100, 500, and 10,000 commits

Table 2.2: FlakeFlagger Features

Flaky Tests (IDoFT)*, which comprises many datasets for flaky test cases used by previous
studies on flaky test case prediction [53-56,103,115].

FlakeFlagger dataset: It is provided by Alshammari et al. [6], containing flakiness
information about 22,236 test cases collected from 23 GitHub projects. These projects
have different test suite sizes, ranging from 55 to 6,267 (with a median of 430) test cases
per project. All projects in the FlakeFlagger dataset are written in Java and use Maven
as a build system, and each test case is a Java test method. The dataset contains the
source code of each test case and the corresponding features that were computed to train
FlakeFlagger. Also, test cases in the dataset were assigned labels indicating whether they
are Flaky or Non-Flaky, which were determined by executing each test case 10,000 times.

When we analyzed the dataset, we identified 453 test cases with missing source code
when intersecting test cases in a provided CSV file (called processed_data®) with those in a
provided folder (called original_tests®) containing their source code. In addition, we identi-
fied 122 test cases, in the original_tests folder, with empty source code, which we found out
were not written in Java.” Therefore, we excluded these test cases from our dataset, since
they do not add any valuable information regarding our flakiness prediction evaluation.
Nine of these test cases were labeled as flaky, three with missing source code and six with
empty method body. After excluding test cases with missing and empty code, we obtained
21,661 test cases for our experiments. We compared Flakify and FlakeFlagger using this
updated dataset. To pre-process the source code of the test cases (see Section 2.3.2), we
cloned the GitHub repository of each project and extracted the Java classes defining the
methods of test cases.

There are 802 test cases in the dataset that are labeled as Flaky (with a median of 19
flaky test cases per project), whereas 20,859 test cases are Non-Flaky. About 4% of all
test cases exceed the 512 limit of CodeBERT when converted into tokens, including 14%
of the flaky test cases.

IDoFT dataset: This dataset contains 3,742 Flaky test cases from 314 different Java

“https://mir.cs.illinois.edu/flakytests

Shttps://github.com/AlshammariA/FlakeFlagger/blob/main/flakiness-predicter/result/
processed_data.csv

Shttps://github.com/AlshammariA/FlakeFlagger/tree/main/flakiness—predicter/input_
data/original_tests

"https://github.com/AlshammariA/FlakeFlagger/pull/4
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projects, and collected using different ways, i.e., different runtime environments with dif-
ferent numbers of runs to detect test flakiness. However, we were unable to obtain the test
code of 474 test cases (from 2 projects) due to missing GitHub repositories or commits,
leaving us with 3,268 Flaky test cases from 312 projects. Given that the IDoFT dataset
contains no test cases categorized as Non-Flaky, we used the fixed versions of 1,263 flaky
test cases, from 174 projects, to obtain non-flaky test cases, as recommended by the IDoFT
maintainers®. To do so, we relied on the provided links to pull requests? used for fixing
flaky test cases to collect the corresponding code changes. However, of the 1,263 fixed flaky
test cases, we found only 594 flaky test cases, from 126 projects, in which the test case
code is changed to fix test flakiness. Based on our analysis, the other flaky test cases were
fixed in other ways, such as changing the order of test case execution, test configuration,
or production code. Such flaky tests are out of the scope of this research, since we consider
only test cases whose test code was fixed, e.g., causes of flakiness related to test smells or
other test characteristics. As a result, we added the 594 Non-Flaky (fixed) tests to the
3,268 Flaky test cases to end up with an updated dataset of 3,862 test cases. Limitations,
regarding the causes of flakiness we could not detect, are discussed in Section 2.5. About
13% of all test cases exceed the 512 limit of CodeBERT when converted into tokens.

We made the updated datasets of FlakeFlagger and IDoFT, including their pre-processed
test cases, publicly available in our replication package [25].

2.4.3 Experiment Design
Baseline

We used the FlakeFlagger approach as a baseline against which we compare the results
achieved by Flakify. To this end, we reran the experiments conducted by Alshammari
et al. [6] to reproduce the prediction results of FlakeFlagger using their provided repli-
cation package.!’ FlakeFlagger was trained and tested using a combination of white-box
and black-box features listed in Table 2.2. These features were selected based on their
Information Gain (IG), i.e., only features having an IG > 0.01 were selected for training.
Besides reproducing the original results of FlakeFlagger, we also reran the experiments us-
ing black-box features only, which was done by excluding all features that required access
to production code. Comparing Flakify with FlakeFlagger is performed on the Flake-
Flagger dataset only, as running FlakeFlagger on the IDoFT dataset requires extracting
features, both dynamic and static, needed to train FlakeFlagger. To do so, we must access
the project’s production code and then successfully execute thousands of test cases across
hundreds of project versions.

8https://github.com/TestingResearchIllinois/IDoFT/issues/566
https://mir.cs.illinois.edu/flakytests/fixed.html
Onttps://github.com/AlshammariA/FlakeFlagger
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Training and Testing Prediction Models

Training and testing Flakify were conducted using two different procedures, performed
independently on the two datasets describe above, as follows.

1** Procedure (cross-validation): In this procedure, we evaluated Flakify similarly to
how FlakeFlagger was originally assessed. Specifically, we used a 10-fold stratified cross-
validation to ensure our model is trained and tested in a valid and unbiased way. For
that, we allocated 90% of the test cases for training and 10% for testing our model in
each fold. However, different from FlakeFlagger, we employed 20% of the training dataset
as a validation dataset, which is required for fine-tuning CodeBERT. Using the validation
dataset, we calculated the training and validation loss, which helped obtain optimal weights
and stop the training early enough to avoid overfitting.

Given that both of the datasets we used are highly imbalanced— Flaky test cases rep-
resent only 3.7% of all test cases in the FlakeFlagger dataset and Non-Flaky test cases
represent only 15% of the IDoFT dataset—we balanced Flaky and Non-Flaky test cases
in the training and validation datasets of FlakeFlagger and IDoFT. Different from Flake-
Flagger, which used the synthetic minority oversampling technique (SMOTE) [15], we used
random oversampling [11], which adds random copies of the minority class to the dataset.
We were unable to use SMOTE, since it requires vector-based features, whereas our model
takes the source code of test cases (text) as input [29,82], as opposed to pre-defined fea-
tures like FlakeFlagger. Similar to FlakeFlagger, we also performed our experiments using
undersampling but this led to lower accuracy. We did not balance the testing dataset to
ensure that our model is only tested on the actual set of test cases. This prevents overes-
timating the accuracy of the model and reflects real-world scenarios where flaky test cases
are rarer than non-flaky test cases [6].

24 Procedure (per-project validation): In this procedure, we evaluated Flakify in a
way that yields more realistic results when we predict test cases on a new project, thus
evaluating the generalizability of Flakify across projects. To do this, we performed a
per-project validation of Flakify on both datasets. In particular, for every project in each
dataset, we trained Flakify on the other projects and tested it on that project. This allowed
us to evaluate how accurate Flakify is in predicting flaky test cases in one project without
including any data from that project during training. We also performed this analysis for
FlakeFlagger, on the FlakeFlagger dataset, for the sake of comparison.

Evaluation Metrics

To evaluate the performance of our approach, we used standard evaluation metrics for
ML classifiers, including Precision (the ability of a classification model to precisely predict
flaky test cases), Recall (the ability of a model to predict all flaky test cases), and the F'I-
Score (the harmonic mean of precision and recall) [33]. For the per-project validation of
Flakify, we computed the overall precision, recall, and F1-score using the prediction results
of all projects in the FlakeFlagger and IDoFT datasets. We also computed these metrics
individually for those projects that have both Flaky and Non-Flaky test cases, specifically
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23 FlakeFlagger projects and 126 IDoF'T projects, along with descriptive statistics, such as
mean, median, min, max, 25% and 75% quantiles. We used Fisher’s exact test [97] to assess
how significant is the difference in proportions of correctly classified test cases between two
independent experiments. Note that precision, recall, and F1-score are computed based on
such proportions.

In practice, test cases classified as Flaky must be addressed by re-running them multiple
times or by fixing the root causes of flakiness [70,71,130]. Precisely predicting flakiness is
therefore important as otherwise time and resources are wasted on re-running and attempt-
ing to debug many test cases that are believed to be flaky but are not [66,85]. According
to our industry partner, Huawei Canada, and a Google technical report [71], each flaky
test case has to be investigated and re-run by developers. Hence, when we multiply the
number of predicted flaky test cases, we proportionally increase the resources associated
with re-running and investigating such flaky test cases. Therefore, we assume that the
wasted cost of unnecessarily re-running and debugging test cases is inversely proportional
to precision:

Test Debugging Cost «< 1 — Precision (2.1)

On the other hand, it is also important not to miss too many flaky test cases as
otherwise time is bound to be wasted on futile attempts to find and fix non-existent bugs
in the production code. Thus, we assume that the wasted cost of unnecessarily finding and
fixing non-existent bugs in the production code is inversely proportional to recall:

Code Debugging Cost «< 1 — Recall (2.2)

We acknowledge that the above metrics are surrogate measures for cost and that there
are significant differences between individual flaky tests; however, they are reasonable
and useful approximations on large test suites for the purpose of comparing classification
techniques. We used FlakeFlagger as baseline to compute the reduction rate of test and
code debugging costs, by dividing the difference in cost between Flakify and FlakeFlagger
by the cost of FlakeFlagger.

2.4.4 Results
RQ1 results

Table 2.3 shows the prediction results (in terms of precision, recall, and F1-score) of Flakify
using both the full and pre-processed test code from the FlakeFlagger and IDoFT datasets,
based on cross-validation. Overall, Flakify achieved promising prediction results using
both datasets, with a precision of 70%, a recall of 90%, and an Fl-score of 79% on the
FlakeFlagger dataset, and a precision of 99%, a recall of 96%, and an F1-score of 98% on
the IDoFT dataset. The higher results achieved by Flakify on the IDoFT dataset over
those achieved on the FlakeFlagger dataset is probably due to the fact that the IDoFT
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dataset contains many more flaky test cases than FlakeFlagger, which helped during model
training. Moreover, the non-flaky test cases in the IDoFT dataset were labeled based on
developer’s fixes addressing the causes of flakiness in the test code, unlike the non-flaky
test cases in the FlakeFlagger dataset whose labels were based on 10,000 runs performed
by Alshammari et al. [6], which may not have been enough to fully expose test flakiness.
This also helped during model training of Flakify.

Table 2.4 reports the per-project prediction results of Flakify on the FlakeFlagger
dataset. Overall, as expected, Flakify achieved slightly lower precision (72%), recall (85%),
and Fl-score (73%) than the cross-validation results on the FlakeFlagger dataset. Simi-
larly, Flakify achieved slightly worse precision (91%), recall (88%), and F1-score (89%) on
the IDoFT dataset. Table 2.5 shows descriptive statistics for the per-project prediction
results of Flakify for individual projects of the FlakeFlagger dataset (due to space limita-
tions, we provide individual per-project prediction results of Flakify on the IDoFT dataset
in our replication package [25]). Our analysis of individual per-project prediction results
revealed a high performance of Flakify on the majority of projects. This result suggests
that Flakify helps build models that are generalizable across projects, thus making it appli-
cable to new projects where no historical information about test flakiness exists. In short,
Flakify is capable to learn about test flakiness through data collected from other projects
to predict flaky test cases in new projects.

Approach Dataset Model Precision Recall F1-Score

Full code 65% 85% 74%

. FlakeFlagger dataset Pre-processed 70% 90% 79%

Flakify

code

Full code 98% 95% 92%

IDoFT dataset Pre-processed 99% 96 % 98%
code

FlakeFlagger  FlakeFlagger dataset :Z)hite—box ver 60% 2% 65%
ion

Black-box ver- 21% 52% 30%
sion

Table 2.3: Results of Flakify (using full code and pre-processed) compared to FlakeFlagger
(white-box and black-box versions)

RQ2 results

Table 2.3 presents the prediction results of Flakify, using both full code and pre-processed
test code, and FlakeFlagger, using both white-box and black-box versions, for the Flake-

Flagger dataset.

RQ2.1 results. For FlakeFlagger, we obtained results close to those reported in the
original study, with a slight decrease in Fl-score (1%), which is likely due to removing
test cases with missing test code. Flakify achieved much better results with a precision of
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Dataset Metric Min 25% Mean Median 75% Max
Precision 6% 58% 72% 79% 91% 100%
FlakeFlagger Recall 1% 87% 85% 95% 100% 100%
F1-Score 2% 63% 73% 83% 94% 100%
Precision 66% 100% 91% 100% 100% 100%
IDoFT Recall 14% 94% 88% 100% 100% 100%
F1-Score 25% 95% 89% 100% 100% 100%

Table 2.4: Summary of the per-project prediction results of Flakify on the FlakeFlagger
and IDoFT datasets

70% (+10 pp), a recall of 90% (+18 pp), and an Fl-score of 79% (+14 pp). These results
clearly show that Flakify, though being black-box and relying exclusively on test code,
significantly surpasses FlakeFlagger in accurately predicting flaky test cases. Statistically,
the proportion of correctly predicted test cases using Flakify is significantly higher than
that obtained with FlakeFlagger (Fisher-exact p-value < 0.0001).

The number of true positives obtained by FlakeFlagger was 574, whereas Flakify in-
creased that number to 721. This indicates that Flakify can potentially reduce the test
debugging cost by 10 pp, as defined above, when compared to FlakeFlagger (a reduction
rate of 25%). Similarly, Flakify reduces the number of false negatives to 81 from 227
with FlakeFlagger, thus decreasing the code debugging cost by 18 pp, as defined above (a
reduction rate of 64%).

Table 2.5 shows the comparison of per-project prediction results between Flakify and
FlakeFlagger. Overall, Flakify achieves a high accuracy, with a precision of 72% (+57
pp)), a recall of 85% (+71 pp)), and an Fl-score of 73% (+66 pp)), which, once again,
significantly outperforms FlakeFlagger. Looking at the individual prediction results of
the projects, we observe that the accuracy of Flakify is largely consistent across projects,
with a few exceptions, whereas FlakeFlagger performed poorly on the majority of projects.
Further, Flakify performs better than FlakeFlagger for almost all projects except two:
incubator-dubbo and spring-boot where both techniques fare poorly.

To understand the reasons behind such degraded performance for these two projects,
we performed a hierarchical clustering of the 23 projects. We used different metrics that
capture the characteristics of each project, such as the number of test cases, number of
flaky test cases, and frequency of test smells in each project. However, our clustering results
were inconclusive, thus revealing no significant differences between the two projects and
the other projects. As reported by Alshammari et al. [6], each project can have distinct
characteristics, e.g., environmental setup and testing paradigm, that make it difficult to
develop a general-purpose flaky test case predictor. For example, the spring-boot project
has the highest number of flaky test cases among all projects, representing 20% of all flaky
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Precision Recall F1-Score

Project  piokify  FlakeFlagger  Flakify  FlakeFlagger  Flakify  FlakeFlagger
achilles 100% 0% 100% 0% 100% 0%
activiti 80% 2% 90% 94% 85% 4%
alluxio 99% 100% 100% 13% 99% 24%
ambari 5% 39% 95% 61% 84% 47%
assertj- 25% 0% 100% 0% 40% 0%
core

commons- 25% 0% 100% 0% 40% 0%
exec

elastic- 50% 0% 100% 0% 60% 0%
job-lite

handlebars.java 30% 0% 100% 0% 50% 0%
hbase 79% 2% 98% 33% 88% 45%
hector 100% 0% 93% 0% 96% 0%
http- 88% 0% 88% 0% 88% 0%
request

httpcore 4% ™% 90% 4% 81% 5%
incubator- 6% ™% 16% 32% 9% 12%
dubbo

java- 95% 0% 95% 0% 95% 0%
websocket

logback 85% 0% 81% 0% 83% 0%
ninja 100% 0% 100% 0% 100% 0%
okhttp 8% 100% 85% 2% 81% 4%
orbit 88% 0% 100% 0% 93% 0%
spring- 40% 9% 1% 3% 2% 4%
boot

undertow 5% ™% 85% 43% 79% 12%
wildfly 65% 6% 91% 26% 76% 10%
wrodj 88% 1% 100% 19% 94% 3%
zxing 100% 0% 50% 0% 66% 0%
Overall 72% 15% 85% 14% 73% ™%

Table 2.5: Results of the per-project prediction for Flakify and FlakeFlagger on the Flake-
Flagger dataset
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test cases in the dataset. This, in turn, can influence model training when the model was
tested for spring-boot. In addition, the variation in prediction results can be a result of
a possible mislabeling of test cases as Flaky and Non-Flaky in some projects, since some
test cases may still exhibit flakiness behavior if executed more than 10,000 executions,
for example. Finally, test flakiness can also occur due to the use of network APIs or
dependency conflicts [86], which were not taken into account when predicting flaky test
cases.

RQ2.2 results. As shown in Table 2.3, we observe a considerable decline in the accuracy
for the black-box version of FlakeFlagger when compared to its original, white-box version,
i.e., 39 pp less precise with a 54 pp decrease in Fl-score. Specifically, black-box Flake-
Flagger correctly predicted a significantly lower proportion of test cases than both Flakify
and the original, white-box version of FlakeFlagger (Fisher-exact p-values < 0.0001). As
a possible explanation, based on the results of FlakeFlagger regarding the importance of
features in predicting flaky test cases [6], the majority of features having high IG values
were based on source code coverage. Hence, removing those features, to make FlakeFlag-
ger black-box, is expected to significantly decrease its prediction power. The difference in
accuracy between Flakify and the black-box version of FlakeFlagger is rather striking, with
a large improvement of +49% in Fl-score (Fisher-exact p-value < 0.0001). FlakeFlagger
is therefore not a viable black-box option to predict flaky test cases.

RQ3 results

With no code pre-processing, 898 (4%) of the test cases of the FlakeFlagger dataset and
505 (13%) of the test cases of the IDoFT dataset were truncated by CodeBERT to generate
tokens of size 512. Such arbitrary code truncation is likely to affect how accurately Flakify
can predict flaky test cases. Pre-processing test cases (see Section 2.3.2) led to reducing
the number of test cases being truncated to only 40 (from 898) in the FlakeFlagger dataset
and 87 (from 505) in the IDoFT dataset, a large difference. As a result, we observe in
Table 2.3 that, with pre-processed test cases, Flakify predicted flaky test cases with 5
pp higher Fl-score on the FlakeFlagger dataset and 6 pp higher Fl-score on the IDoFT
dataset. This corresponds to a significantly higher proportion of correctly predicted test
cases (Fisher-exact p-value = 0.0008) for the FlakeFlagger dataset. In practice, the impact
of pre-processing is expected to vary depending on the token length distribution of test
cases. This result suggests that retaining statements related to test smells in the test code
contributed to making Flakify more accurate, which also confirms the association of test
smells with flaky test cases reported by prior research [13].

2.4.5 Discussion

More accurate predictions with easily accessible information. Our results showed
that our black-box prediction of flaky test cases performs significantly better than a white-
box, state-of-the-art approach. This not only enables test engineers to predict flaky test
cases without rerunning test cases, but also without accessing the production code of
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the system under test, a significant practical advantage in many contexts. The highest
accuracy of our Flakify was achieved by only retaining relevant code statements matching
eight test smells. Yet, there is still room for improvement in terms of accuracy, which could
be achieved by retaining more relevant statements based on additional test smells. For
example, retaining code statements related to other common flakiness causes [85], such as
concurrency and randomness, could further improve flaky test case predictions. However,
the more code statements we retain, the more tokens to be considered by CodeBERT, which
might lead to many test cases exceeding their token length limit, thus truncating other
useful information. Hence, retaining additional code statements is a trade-off and should
carefully be performed in balance with the resulting token length of test cases. Moreover,
building a white-box flaky test predictor, by considering both production and test code,
is not always technically feasible, since the production code is not always available to test
engineers and, when possible, code coverage can be expensive and not scalable on large
systems, especially in a continuous integration context. Considering the production code
also makes it impractical to build LM-based predictors for flaky test cases, given the token
length limitation of LMs in general, and CodeBERT in particular. Nevertheless, future
research should assess the practicability of white-box, model-based flaky test prediction,
and should investigate further code pre-processing methods to make the use of LMs more
applicable in practice.

Practical implications of imperfect prediction results. Though Flakify surpassed
the best state-of-the-art solution in predicting flaky test cases, both in terms of precision
and recall, a precision of 70% is still not satisfactory, since misclassifying non-flaky test
cases as flaky leads to additional, unnecessary cost, e.g., attempting to fix the test cases
incorrectly predicted as flaky. Also, with a recall of 90%, we miss 10% of flaky test cases,
leading to wasted debugging cost. If we assume that precision should be prioritized over
recall, we can increase the former by restricting flaky test case predictions to those test
cases with highest prediction confidence, at the expense of a lower recall. For example,
this can be achieved by adjusting the classification threshold for flaky test cases to 0.60
or 0.70, instead of the default threshold of 0.50. Nevertheless, given that the predicted
probabilities generated by the neural network in Flakify are over confident due to the use
of the Softmaz function in the last layer [65], i.e., probabilities are either close to 0.0 or
1.0, we were unable to perform such analysis. Therefore, future research should employ
techniques for calibrating the predicted probabilities [35] and enable threshold adjustments
when classifying flaky test cases.

2.5 Threats to Validity

This section discusses the potential threats to the validity of our reported results.

2.5.1 Construct Validity

Construct threats to validity are concerned with the degree to which our analyses measure
what we claim to analyze. In our study, to pre-process test cases, we used heuristics to
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retain code statements that match at least one of the eight test smells shown in Table 2.1.
However, our heuristics might have missed some code statements having test smells and
this could have led to suboptimal results when applying our approach. To mitigate this
issue, though our approach to identify test smells is entirely different, we relied on the
same heuristics as those used by Alshammari et al. [6]. These heuristics assume commonly
used coding conventions that might not be followed in all test suites. For example, we
assumed that the test class name contains the production class name with the word ‘ Test’.
However, such heuristics can easily be adapted to other coding conventions in practice.
We also manually checked a random sample of test cases to verify that pre-processed code
contains, as expected, only test smells-related code statements and does not dismiss any
of them. We have made the tool we developed to detect test smells publicly available in
our replication package [25].

2.5.2 Internal Validity

Internal threats to validity are concerned with the ability to draw conclusions from our
experimental results. In our study, we used CodeBERT to perform a binary classification
of test cases as Flaky or Non-Flaky. However, due to the token length limit of CodeBERT,
the source code of some test cases was truncated, possibly leading to discarding relevant
information about test flakiness. To mitigate this issue, we pre-processed the source code
of test cases to retain only code statements related to test smells. Doing so did not
only reduce the token length of test cases, but also improved the prediction power of our
approach. However, our pre-processing may not be perfect or complete as it can lead to
losing other relevant information. Future research should investigate whether retaining
additionally relevant information to flaky test cases leads to improving prediction results,
e.g., statements related to common flakiness causes, such as synchronous or platform-
dependent operations.

Moreover, our prediction results were compared with those of FlakeFlagger. But Flake-
Flagger used white-box features, whereas our approach is black-box and the comparison
may not be entirely meaningful. To mitigate this issue, we also compared our results with
a black-box version of FlakeFlagger in which we removed any features requiring access to
production code. In both cases, our approach obtained significantly higher prediction re-
sults than FlakeFlagger. We did not compare our results with other black-box approaches,
e.g., vocabulary-based [93], since they are project-specific and did not achieve good results
on the FlakeFlagger dataset [6].

Finally, in our analysis, the cost of debugging the production or testing code assumes
that test engineers address all test cases predicted as flaky. However, test engineers may
choose to ignore a flaky test case, either by removing or skipping it, thus not introducing
any cost. Yet, we believe that every flaky test case should be carefully addressed by test
engineers, since ignoring test cases can lead to other kinds of costs, such as overlooked
system faults.
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2.5.3 External Validity

External threats are concerned with the ability to generalize our results. Our study is
based on data collected by Alshammari et al. [6], which was obtained by rerunning test
cases 10,000 times. Such data is of course not perfect as some test cases that were not
found to be flaky could have been if rerun more times. To mitigate this threat, we used
the same dataset for comparing Flakify with the baseline approach, FlakeFlagger. We also
filtered out test cases which, to our surprise, had no source code in the dataset. Further,
the FlakeFlagger and IDoFT datasets contain test cases from projects that are exclusively
written in Java, which might affect the generalizability of our results. To mitigate this issue,
we used CodeBERT, which was trained on six programming languages. Hence, we believe
our approach would be applicable to projects written in other programming languages as
well, given an appropriate tool to identify test smells.

Moreover, CodeBERT was pre-trained on production source code only, i.e., source code
related to test suites was not part of pre-training, making it unable to recognize test-specific
structure and vocabulary, e.g., assertions. This can potentially increase token length, since
test-specific key terms are decomposed into multiple tokens instead of one. For example,
CodeBERT converts assertEquals into three tokens: assert, ##equal, and ##s, rather
than just one token. Our pre-processing of the source code of test cases helped to mitigate
the issue of token length; yet, future work should aim at pre-training CodeBERT on test
code in addition to production code.

Finally, the IDoFT dataset has shown that a significant number of test cases are flaky
due to reasons unrelated to the test code. In situations where this is common, this is
obviously a limitation of any black-box approach like Flakify relying exclusively on test
code. In our evaluation, we did not consider such flaky test cases, but rather those whose
causes of flakiness were in the test code, which were confirmed and manually fixed by
developers, and thus considered in this research as non-flaky. This helped during model
training of Flakify on this dataset, which resulted in a higher prediction accuracy than
those on the FlakeFlagger dataset.

2.6 Related Work

Flaky test detection has been an active area of research where many techniques were
proposed to detect flaky test cases [85]. Overall, these techniques can be classified into two
groups: dynamic techniques, which require executing test cases to determine whether they
are flaky or not, and static techniques, which rely only on the source code of test cases or
the system under test. In this section, we review the flaky test detection techniques while
comparing and contrasting them to our approach.

2.6.1 ML-based Flaky Test Case Prediction

A common approach to detect flaky test cases is to re-run test cases multiple times [85,131],
which is computationally expensive. To address this issue, recent research has proposed
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the use of ML techniques for predicting flaky test cases, enabling test engineers to re-run
only those test cases that are predicted to be flaky, thus reducing the cost of unnecessary
debugging of test cases or production code.

Alshammari et al. [6] proposed an innovative approach to predict flaky test cases using
dynamically computed features capturing code coverage, execution history, and test smells.
They re-ran test cases 10,000 times to identify whether a test case was flaky or not and thus
establish a ground truth. Their prediction model predicted flaky test cases with an F'1-score
of 0.65, leaving significant room for improvement. However, some of the significant features
required access to production files which, as discussed above, are not always accessible by
test engineers or may not be computable in a scalable way in many practical contexts.
Further, when only black-box features (see Table 2.2) were used, the Fl-score decreased
by 35 pp. In contrast, our approach achieved more accurate prediction results, with an
F1-score of 0.79, while using test code only, thus offering a favorable black-box alternative.

In addition, Pontillo et al. [94] proposed an approach to identify the most important
factors associated with flaky test cases using the iDFlakies dataset [53]. They used logistic
regression to model flaky test cases using features that were statically computed using
production code, e.g., code coverage, and test code, e.g., test smells. They found that code
complexity (both production and test code), assertions, and test smells are associated with
test flakiness.

Another approach was proposed by Pinto et al. [93] in which Java keywords were
extracted from test code and employed as vocabulary features to predict test flakiness.
Further, their study relied on the dataset of DeFlaker [10], in which test cases were re-run
less than 100 times to establish the ground truth. Despite high accuracy results (F1-score
= 0.95) on their dataset, their approach achieved much worse results (F1-score = 0.19)
when using the dataset provided by Alshammari et al. [6]. In addition, their models were
language- and project-specific, since most of the significant features for predicting flaky
test cases were related to Java keywords, e.g., throws, or specific variable names, e.g.,
td.In contrast, while our approach relies exclusively on test code, it builds a generic model
to predict flakiness, based on features that are neither language- nor project-dependent,
and achieved much better prediction results when using the FlakeFlagger dataset used by
Alshammari et al. [6].

Moreover, Haben et al. [38] and Camara et al. [14] replicated the study by Pinto et
al. using other datasets containing projects written in other programming languages, e.g.,
Python. They found that vocabulary-based approaches are not generalizable, especially
when performing inter-project flaky test case predictions, since new vocabulary is needed
for any new project or programming language. Haben et al. also showed that combining
the vocabulary-based features with code coverage features does not significantly improve
the prediction accuracy of such an approach.

In summary, unlike the ML-based approaches above, our approach is generic, black-box,
and LM-based, thus not requiring access to production code or pre-definition of features.
Instead, our approach relies solely on test code to predict whether a test case is flaky or
not.
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2.6.2 Flaky Test Case Prediction using Test Smells

Camara et al. [13] proposed an approach for predicting test flakiness using test smells
as prediction features. These features require access to the production code and can be
extracted using tsDetect [91], a tool for detecting test smells, that was applied to the
DeFlaker dataset [10]. Their study yielded a relatively high prediction accuracy (F1-score
= 0.83). Alshammari et al. [6] also relied on test smells as part of their features for
predicting flaky test cases. However, the information gain of test smell features tended
to be much lower than code coverage features, suggesting they are less significant flaky
test case predictors. In Flakify, we also relied on the test smells used by Alshammari et
al. [6]. However, they were not used as features but to exclusively retain relevant test
code statements for fine-tuning our CodeBERT model. Doing so improved the accuracy of
Flakify, thus reducing the cost of rerunning or debugging test cases.

2.6.3 Flaky Test Detection at Run Time

Memon et al. [67] used a simple dynamic pattern matching approach to detect flaky test
cases at GOOGLE by simply searching for certain textual patterns in test execution logs,
e.g., pass-fail-pass, to identify whether a test case is flaky or not. The accuracy of detecting
flaky test cases using this approach was 90%. Similarly, Kowalczyk et al. [49] detected flaky
test cases at APPLE by analyzing the behavior of test cases using two scores: Flip rate,
which measures the rate at which a test case alternates between pass and fail, and Entropy,
which quantifies the uncertainty of a test case. An aggregated value of these two scores
was used to generate flakiness ranks for test cases, which were then used to represent test
flakiness, distributed across the test cases in different services at APPLE. This technique
marked 44% of test failures as flaky with less than 1% loss in fault detection. The above
approaches require test cases to be executed many times to determine whether they are
flaky, which is often not practical for large industrial projects. Unlike these approaches,
Flakify is able to predict flaky test cases without executing them, relying exclusively on
test code.

Bell et al. [10] proposed DeFlaker, a tool for detecting flaky test cases using coverage
information about code changes. In particular, a test case is labeled as flaky if it fails and
does not cover any changed code. Out of 4,846 test failures, DeFlaker was able to label 39
pp of them as flaky, with a 95.5% recall and a false positive rate of 1.5%, outperforming
the default way of detecting flaky test cases, i.e., by rerunning test cases using Maven [1].
Different from DeFlaker, Lam et al. [53] proposed iDFlakies, which detects test flakiness
by re-running test cases in random orders. This framework was used to construct a dataset
containing 422 flaky test cases, with almost half of them being order-dependent.

The above approaches either depend on rerunning test cases multiple times, execution
history (not available for new test cases), or production code, e.g., coverage information.
In contrast, Flakify does not require repeated executions of test cases or any information
about the production code, including code coverage.
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2.7 Conclusion

In this chapter, we proposed Flakify, a black-box solution for predicting flaky test cases
using only the source code of test cases, as opposed to the system under test. Further, it
does not require to rerun test cases multiple times and does not entail the definition of
features for ML prediction.

We used CodeBERT, a pre-trained LM, and fine-tuned it to classify test cases as flaky or
not based exclusively on test source code. We evaluated our work on two distinct datasets,
namely the FlakeFlagger and IDoFT datasets, using two different evaluation procedures:
(1) cross-validation and (2) per-project validation, i.e., prediction on new projects. In
addition, we pre-processed this source code by retaining only code statements that match
eight test smells, which are expected to be associated with test flakiness. This aimed at
addressing a limitation of CodeBERT (and related LMs), which can only process 512 tokens
per test case. We evaluated our approach in comparison with both white-box and black-box
versions of FlakeFlagger, the best state-of-the-art, ML-based flaky test case predictor.
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Chapter 3

Categorization of Flaky Tests

This chapter addresses TOa, i.e. categorization of flaky tests based on their fix categories.
The contents of this chapter have been published as Research Questions R@I! and RQ2
in the Journal of Transactions on Software Engineering (TSE) [28].

3.1 Overview

As discussed in chapter 1, Chapter Structure. The rest of this section is structured as
follows. Section 3.2 provides background materials on the problem of categorizing flaky
tests based on the fix required. Section 3.3 discusses our approach for defining fix categories,
automatically labeling the dataset, and then predicting the fix categories using code models.
Section 3.4 presents the evaluation of flaky test categorization and discusses the results.
Section 3.5 discusses the qualitative analysis of the model’s performance. Section 3.6
reports threats to the validity of the reported results. Finally Section 3.7 concludes this
chapter.

3.2 Background

The intended purpose of categorizing flaky tests with a fix category is to offer guidance to
testers, directing them toward potential issues responsible for the flakiness. In this research,
we first develop a framework utilizing pre-trained LMs to predict the fix category of a flaky
test case solely based on the test case code. Our primary aim is to establish this prediction
process as a black-box approach, solely reliant on the flaky test code without accessing the
production code. Our study is different than existing work [4] whose focus is on predicting
the category of flaky tests with respect to their root causes. Since knowing only root causes,
especially at a high-level, does not necessarily help in fixing the test code, our work focuses
on predicting fix categories in terms of what part of the test code needs fixing. Therefore,
such fix categories are expected to guide the tester towards concrete modifications and thus
decrease their manual investigation effort. Note that these categories can be useful for both
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human developers and testers to manually fix flakiness and for tools to automatically and
fully repair flaky test cases. In this work, however, we only report on the latter.

3.3 Approach

Our approach is divided into two phases: (a) automatically constructing a high-quality
dataset of fix categories, based on existing datasets of flaky test cases and their fixes; (b)
building a prediction model of fix categories, using the created dataset, to guide the repair
of flaky tests.

3.3.1 Automatically Constructing a Dataset of Fix Categories

Having an appropriate and well-defined methodology for constructing a high-quality dataset
of fix categories is important in practice, as we expect that local prediction models will
need to be built in most contexts based on locally collected data.

In a nutshell, our approach starts with an existing set of fix categories and then extends
it to a more comprehensive and practical set, and finally devise heuristics to automatically
label fixes in existing flaky test datasets.

To the best of our knowledge, the categories of flaky test fixes presented by Parry et
al. [87], as shown in Table 3.1, represent the largest and most recent classification in the
literature. These fix categories were manually assessed by the authors by analyzing code
diffs, developer’s comments, and any linked issues of 75 flakiness-repairing commits that
originated from 31 open-source Python projects [87].

Their categorization procedure accepts multiple sources of information (i.e., fixes but
also comments and linked issues) to link a flaky test with a fix category. This information
might not be entirely available for many flaky tests in a project. Therefore, following that
procedure, not all fixes can be labeled with a category if we have only access to the flaky
tests and their fixes, which is the case for many datasets.

In our research, we aim to categorize fixes and train a prediction model whose objective
is to assign a fix category to a new flaky test, without any other other information than
the test case’s code. In other words, the goal is to guide testers (or automated repair tools)
in applying the right fix according to categories of fixes that are predictable based on the
code of the test cases alone. While not all flaky tests can be resolved solely by addressing
the test code, a subset can indeed be fixed in this manner. Automating these fixes can still
save time and resources. Hence, our dataset creation is targeting these specific fixes. To
achieve that, we analyzed flaky test cases and their fixes, to extract ground truth labels.
Inspired by Parry et al’s work [87], we analyzed the International Dataset of Flaky Tests
(IDOFT)!, which comprises flaky test cases along with their fixes from 123 open-source
Java projects.

Ihttps://mir.cs.illinois.edu/flakytests
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This dataset, utilized in various prior studies on flaky test case prediction [53-56,103,
115], [27], is a publicly accessible dataset regularly receiving updates. We ensured our
usage involved the most recent version of this dataset.

To assign labels to IDoFT dataset with fix categories, two researchers manually and
independently analyzed 100 randomly selected flaky tests and their corresponding fixes to
map them to one or more categories from those proposed by Parry et al. (see Table 3.1)
or a new category when the fix did not match any of them. The new categories should be
predictable by only looking at the flaky tests and yet be useful enough to help developers
and testers fix them. Differences in categories and definitions between the researchers were
resolved through multiple meetings. We use Cohen’s Kappa [63] to measure the initial
level of agreement between the two researchers. This is briefly discussed in section 3.4.
There was no case where a third opinion was required to resolve a conflict.

Some of the fix categories proposed by Parry et al. are also renamed in Table 3.1 for
better understandability. For example, the term Reduce Scope (one of the Parry et al’s
categories) lacks clarity in indicating the exact code section that requires modification.
By renaming Reduce Scope to Change Condition, developers and testers are more explic-
itly instructed to modify conditional statements. The process resulted in 13 different fix
categories for flaky tests, as shown in Table 3.2.

The final step in this phase was to create a set of heuristics to automatically label
each fix from our dataset to one of these 13 categories. Each heuristic is a search rule
(implemented as a Python script) that relies on keywords from the diff of a flaky test case
and its fixed version. Subsequently, we manually verified the outputs of the automated
labeling process to ensure the accuracy of the heuristics for future datasets. The complete
labeling process is shown in Figure 3.1. Additionally, after this final step, the remaining
462 tests from our dataset were automatically labeled using the developed heuristics. Note
that a single test may be labeled with multiple fix categories, as illustrated in Table 3.2.

In the following, we briefly explain each category’s heuristic along with few examples
from the IDoFT dataset.

For the Change Assertion category, the heuristic looks for the assert keyword and its
replacements within the fixed flaky test code. For instance, if AssertFquals, AssertThat, or
AssertTrue appear in deleted lines and AssertJsonStringEquals, assertJSONEqual, AssertJ-
sonFEqualsNonStrict, or JsonAssert.AssertEquals are present in the added lines, it shows
an assertion change to address flakiness.

A common instance of flakiness arises due to the use of an incorrect assertion type.
For example, assertJSONFEqual should be used instead of AssertThat in an assert function
that retrieves a JSON object from other functions in the test code and compares it with a
hard-coded JSON String to ensure the deterministic ordering of the retrieved JSON object.

Changing data structures can be an effective technique to improve test reliability and
reduce flakiness [68,81]. For example, the data structures Hash Map, Set, HashMap, and
HashSet are unordered collections. Their use in the test code can lead to test flakiness if

the test relies on the order of elements in the structure. In such cases, these data struc-
tures should be replaced with LinkedHash, LinkedMap, LinkedSet, LinkedHashMap and
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Concurrency - 2 - - 2 - - 2 2 8
Floating Point - - - - - - - 3 - 3
1/0 - - - - - - - - - -
Network 3 - - 1 - - - 1 8
Order Dependency - - - 2 - - 1 - - 3
Randomness - - - - 6 - 4 1 11
Resource Leak - - - - 2 - 1 1 - 4
Time 5 - - - - - 1 1 2 9
Unordered Coll. - - 3 - - - - - - 3
Miscellaneous 2 - 1 - 1 - - 6 7 17
Total 11 11 4 2 6 6 3 19 13 75

Table 3.1: Each flaky test is assigned a category describing the cause of flakiness
and another describing the repair applied by developers (columns). From Parry et al. [87]

Flaky Test Fix Category

Number of Flaky Tests

Change Assertion
Change Condition
Reset Variable
Reorder Data
Change Data Structure
Handle Exception
Miscellaneous
Change Data Format
Reorder Parameters
Call Static Method
String Matching
Change Timezone

Handle Timeout

197
121
104
92
91
52
50
46
37

9
6
3
2

(rows)

Table 3.2: Count of flaky tests within each fix category, using automated labeling. Cate-

gories with over 30 inst

ances are highlighted.
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LinkedHashSet, respectively, as they maintain the order in which their elements are stored,
regardless of how many times a test is executed. This makes the test more reliable and less
prone to flakiness. If Hash, Map, Set, HashMap, and HashSet keywords are replaced in the
test code 'dift” with LinkedHash, LinkedMap, LinkedSet, LinkedHashMap and LinkedHash-
Set, respectively, then such test cases are labeled as Change Data Structure.

Exception handling is usually an important tool to reduce unwanted behavior due to
wrong inputs or scenarios and thus decrease flakiness. If there are Try Catch statements
added or removed or changes occur in the type of the Exception used in the test case,
the test case is labeled as Handle Exception. Handling exceptions, similar to other fix
categories, can be combined with different fix strategies to entirely eliminate the root cause
of flakiness within a test case.

A flaky test is labeled with the Reset Variable category if one of the keywords reset,
clear, remove or purge is found in the diff. These are useful commands to reset the state
of the system and clear the memory at the end of the test cases. They put the system
back to its initial testing state, which is required for many tests to avoid flakiness. Input
formatting mismatches can be a cause of flakiness. Oftentimes, a fix is simply changing
the input variable’s format to the required one. If there is change in the format of the
string or numeric data that is used in a function of the test code, the test case is labeled
as Change Data Format.

If conditional statements are added or removed in the test code, for example replac-
ing the containseractly keyword with the containsexactlyinanyorder keyword, the test case
is labeled with the Change Condition category. If there is any of the keywords sort-
field, sort_properties, sorted, order by or sort in the fixed test code, which is used to sort
or change the order of data, then the test is labeled as Reorder Data.

If there is a change in the order of the function parameters, then the Reorder Pa-
rameters label is used.

Tests may rely on specific dates or times, which can be affected by time zone differences,
leading to inconsistent test results. Setting a specific time zone ensures consistent results,
increasing test reliability and reducing flakiness [60] [128]. If there is a change in the
assigned value to the timezone keyword, then such tests are labeled as Change Time
Zone.

If the Timeout keyword is added to the test code, which ensures that tests are completed
within a reasonable time frame, thus reducing the likelihood of flakiness, then these test
cases are labeled as Handle Timeout. This fix has been suggested in the work of Pei et
al. [90] to fix flakiness related to Async Wait.

Static methods can help ensure consistent test behavior across multiple runs by encap-
sulating complex scenarios or behavior simulations, such as network failures or time delays.
If there is a static method call added to the test code, then these tests are labeled as Call
Static Method. If two strings are matched in a given test to make sure they are in the
correct order for maintaining determinism by using keywords like ‘match.that(s).isequalto
or .matches then these tests are marked as String Matching. Lastly, if there is some
change in the added or deleted lines of code that do not belong to any of the above cate-
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gories, the test cases are labeled Miscellaneous. Examples of different fix categories are
provided in our replication package [26].
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Figure 3.1: Automated labeling of flaky tests with their respective fix categories.

3.3.2 Flaky Test Case Fix Category Prediction with Code Mod-
els

In this section, we describe how we use different LMs for predicting the fix category of a
flaky test. This prediction may be not only useful to help testers identify the required fix
but can also guide any automated repair process.

We use two different code models CodeBERT and UniXcoder as our prediction models,
respectively. In general, LMs are pre-trained using self-supervised learning, on a large cor-
pus of unlabelled data. They are then further fine-tuned using a specific, labeled dataset
for different Natural Language Processing (NLP) tasks such as text classification, rela-
tion extraction, or next-sentence prediction [29]. As briefly discussed in Section 2.3.1,
Code models are those LMs that are specifically pre-trained on programming languages.
CodeBERT and UniXCoder have been pre-trained using a diverse corpus encompassing
code from six programming languages: Java, Python, JavaScript, PHP, Ruby, and Go.
Both models excel in code classification tasks when compared to other pre-trained code
models [27,77]. These models comprehend both the syntax and semantics of various pro-
gramming languages. We individually fine-tune these code models on our dataset of flaky
tests to learn the underlying patterns of test code flakiness. During inference, these fine-
tuned models classify flaky tests based on what these code models learned during training
(fine-tuning). We choose not to fine-tune LLMs like GPT or CodeLlama for fix category
prediction due to the high costs associated with their fine-tuning. In addition, as we will
see in the results section the smaller code models will already provide very high accuracy
which leaves no reason for us to switch to much more complex and heavier models. This
process demands extensive data and substantial computational resources [127]. Reported
studies show that smaller code models work well for classifying code [77] and are more
cost-effective. Their efficient classification abilities, along with reduced time and compu-
tational expenses for refinement, make them more practical for integration into solutions
for large-scale industrial systems.
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For fine-tuning CodeBERT and UniXcoder to predict flaky test fix categories, we use
two different techniques. In the first one, we augment the models with FSL using a Siamese
Network to deal with the usually small datasets of flaky tests that are labeled in a typical
development context. In contrast to FlakyCat, that also uses FSL [4], we train our model
on the dataset created following the procedure presented in section 3.3.1, where each data
item is a pair of flaky test and its fix category. Note that we do not use information from the
actual fix during inference time, since our goal is to predict the fix category for a given flaky
test which has not been repaired yet. Thus, in practice, only the test code is available to
the model. In the second technique, we fine-tuned the models using a simple Feed Forward
Neural Network (FNN) as done in earlier work for flaky test classification [27].

Furthermore, note that we do not build a multi-class prediction model to deal with
multiple fix categories. Instead, we build multiple binary classification models to estimate
the probability of whether a test belongs to each category. This is because flaky tests may
belong to multiple fix categories. With multiple binary classifications, each fix category
is treated separately, allowing the model to learn the features that are most relevant for
that fix category. Since our dataset is relatively small, it is not computationally expensive
to build these multiple classifiers for each category. However, as our dataset expands to
include more samples, we may consider transitioning to a multi-class classifier for efficiency
and scalability purposes in the future.

Converting Test Code to Vector Representation

Prediction using LMs starts with encoding inputs into a vector space. In our case, we
embed test cases into a suitable vector representation using CodeBERT and UniXcoder,
respectively.

Both CodeBERT and UniXcoder take the test case code as input and convert it into a
sequence of tokens. These tokens are then transformed into integer vector representations
(embeddings). The test case code is tokenized using Byte—Pair Encoding (BPE) [102],
which follows a segmentation algorithm that splits words into a sequence of sub-words.

Each token is then mapped to an index, based on the position and context of each word
in a given input. These indices are then passed as input to the CodeBERT and UniXcoder
models to generate a vector representation for each token as output. Finally, for a test
case, all vectors are aggregated to generate a vector called [CLS] [27].

Fine-tuning Code Models

As discussed earlier, we have fine-tuned CodeBERT and UniXcoder independently with
two different techniques. Given our limited labeled training data, which is a common sit-
uation in our application context, few shot learning approaches [114], such as the Siamese
Network architecture [40], are adequate candidate solutions. A Siamese Network trained
with a specific loss function (Triplet Loss Function [101]) is designed to determine the
similarity between inputs by learning an embedding space [75]—a high-dimensional vector
space where inputs are represented as embeddings or vectors. In this space, similar inputs
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are positioned closer together, while dissimilar inputs are placed farther apart. Similar to
existing work [4], we constructed a Siamese Network [4,48, 73] with three identical sub-
networks. Each sub-network is based on either CodeBERT or UniXcoder, essentially using
the same model (weights and network parameters) three times within the network struc-
ture. The inputs to this Siamese Network are anchor, positive and negative tests, which
are transformed by each sub-network of the Siamese Network into high-dimensional em-
beddings [75]. The anchor and positive tests, which belong to the same class, are projected
into the embedding space such that their distance is minimized, while the distance between
the anchor and the negative test, belonging to a different class, is maximized. This process
ensures that similar inputs are grouped together in the vector space, facilitating tasks such
as similarity comparison or classification based on learned similarities. During training, the
triplet loss function fine tunes the embeddings by computing similarity scores, encouraging
the network to improve its ability to distinguish flaky tests belonging to different cate-
gories. In our approach, given a category (e.g., Change Assertion), the anchor is a flaky
test in the training dataset that belongs to the positive class of that category, e.g., it is la-
beled as Change Assertion. A positive sample is another flaky test in the training dataset
that belongs to the same class as the anchor (e.g., labeled again as Change Assertion)
and is considered similar to the anchor. The negative sample is another flaky test from
the dataset that belongs to a different class than that of the anchor (e.g., NOT labeled
as Change Assertion) and is considered dissimilar to the anchor. More details about the
procedure to create these samples in our experiment will be provided in Section 3.4.

We use the same architecture as Akli et al [4] for each sub-network. First, it includes
a linear layer of 512 neurons. To prevent model over-fitting, we then add a dropout layer
to randomly eliminate some neurons from the network, by resetting their weights to zero
during the training phase [22]. Lastly, we add a normalization layer before each sub-
network that generates a [CLS] vector representation for the input test code of that sub-
network. Figure 3.2 depicts the architecture of a Siamese Network where anchor, positive
and negative tests share a LM and other network parameters to update the model’s weights
based on the similarity of these tests. For training both CodeBERT and UniXcoder, we
use the AdamW optimizer [124] with a learning rate of 107 and a batch size of two, due
to available memory (8 gigabytes).

To evaluate the final trained model, following FSL, we create a support set of examples,
for each prediction task. As a reminder, each prediction task here is a binary prediction of
flaky tests indicating whether they belong to a fix category (positive class) or not (negative
class). The support set includes a small number of examples for each class, from the training
dataset. For every flaky test case in the support set of each class (positive and negative),
we first calculate their [CLS] vector embeddings. We then calculate the mean of all test
case vectors in that class, to represent the centroid of that support set class.

Each flaky test in the test data is referred to as a query. To infer the class of a
query, from the test data, we first calculate the vector representation of the query using
the trained model. Then using the cosine similarity of the query and the centroid of the
classes, we determine to which class (positive or negative), the query belongs, i.e., the one
with the highest similarity. Figure 3.3 shows the process of predicting the class of a query
using FSL.
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Regarding our second method for fine-tuning CodeBERT and UniXcoder, we train a
Feedforward Neural Network (FNN) to perform binary classification for each fix category.
This process is depicted in Chapter 2 in Figure 2.2 and was used by Flakify, which relied
on CodeBERT [27]. The output of the LM, i.e., the[CLS] token which is the aggregated
vector representation token of all input tokens, is then fed as input to a trained FNN to
classify tests into the fix categories. The FNN contains an input layer of 768 neurons, a
hidden layer of 512 neurons, and an output layer with two neurons. Like previous work [27],
we used ReLU [3] as an activation function, and a dropout layer [124]. Lastly, we used
the Softmaz function to compute the probability for a flaky test to belong to a given fix
category.

ASi Network with Shared e s,
e el e R
T1 Tokens H Vector (T1) : & H

Tokenize the i
H Calculate Similarty i vt
i | -[ between T1, T2, T3 with ] EIZII"F' o

Positive Test Test Code Positive Test
| (T2) | veing a Tokens . Trinld Toss H
e
512- Sized [CLS] H H

Language
Model
Vector (T3) i—» Daaflow i

Test (T3 Test Tokens

512- Sized [CLS]
Vector (12)

Create Triplets

768- Sized
Vector

......

1 : Back Propagation

Figure 3.2: Training of a Siamese network with a shared LM and network parameters.
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Figure 3.3: Predicting the class of query test case using few shot learning and a trained
Siamese network.

3.4 Validation

The goal of this study is to predict fix categories for a flaky test to help generate a fully
repaired version of the test. This section validates our approach (See Section 3.3) towards
that goal by first introducing our research questions and explaining the data collection
procedures. Then it discusses the experimental design and report the results.

3.4.1 Research Questions

In this study, we address the following research questions:
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RQ4 How accurate is the proposed automated flaky test fix category labeling procedure?
Motivation: Given that there is no existing dataset of flaky tests that is labeled by
fix categories, in this RQ, we validate our proposed procedure to automatically label a
flaky test given its fix. If accurately automated, such a procedure is quite useful since it
can convert any flaky test dataset that includes fixes, to an appropriate training set for
building prediction models, such as those used in RQ5. In practice, a customized training
set (from local projects) is often necessary to capture domain knowledge, either to train
new models from scratch or fine-tune pre-trained models, which further justifies the need
for an automated labeling technique.

RQ5 How effective are different LMs, i.e., CodeBERT and UniXcoder with and without
FSL, in predicting the fix category, given flaky test code?

Motivation: Most existing prediction models related to flaky tests try to predict flakiness.
FlakyCat [4] is, however, the only approach that classifies flaky tests according to their
root cause using CodeBERT and FSL. Identifying the root cause alone, however, does
not directly aid testers in resolving flakiness. For instance, one suggested root cause in
FlakyCat [4] is Unordered Collections, highlighting that it causes flakiness. However,
the proposed solution categories in [87] maps this cause to the Guarantee Order fix
category without providing concrete guidance on how to ensure such order. In contrast,
our defined fix categories offer a one-to-one mapping of specific fixes to individual test
cases. For instance, concerning Unordered Collections cause, Table 3.2 presents multiple
fix categories such as Reorder Data, Change data structure or Reorder Parameters. Then
depending on the test code one of these concrete fixes is going to be predicted as the fix
category. This approach provides testers with more precise solutions rather than a broad
label like Guarantee Order.

This practical difference between a fix and a root-cause, led us to investigate alternative
approaches for classifying the tests according to their required fix category, given that these
categories are based on actual fix patterns. In this RQ, we explore two code models as
representatives of the state of the art. We also study the effect of FSL with each model,
since FSL is usually recommended when the training data set is small, like in our case.

3.4.2 Dataset and Data Augmentation:
To create a labeled dataset of flaky test fix categories for our study, we first analyzed

various datasets of flaky tests that include fixes. Then we picked the most suited dataset
and augmented it with our automatically generated labels.

Existing Datasets

There is no publicly available dataset of flaky tests that have been labeled based on the
nature of their fix. Most existing datasets for flaky tests, such as FlakeFlagger [6], simply
contain binary labels indicating their flakiness. The dataset presented in the most related
work, FlakyCat [4], assigns a label to each flaky test based on the category of flakiness
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causes, not their fixes. Therefore, we needed to build our own labeled dataset out of an
unlabeled one that consists of both flaky tests and their fixes. We also required a dataset
with a sufficient variety of flaky test fixes. Previous research on flaky test repair [20] has
relied on datasets of limited size and scope. For instance, the Flex [20] dataset comprises
only 35 flaky tests. Eck et al. proposed a study based on the Mozilla database of flaky
tests [21] where they analyzed 200 flaky tests repaired by developers. Another example is
the ShowFlakes dataset [87] that includes 75 commits from 31 Python projects. However,
it only includes 20 flaky tests where flakiness can be removed by only changing the test
code. The iPFlakies and iFixFlakies datasets [103, 113] are larger in size compared to
previous datasets, but the root cause of flakiness in these datasets is related to the order
in which the tests are executed, not the test code logic. The largest publicly available
and relevant dataset is the International Dataset of Flaky Tests (IDoFT)?, an open-source
dataset that is continuously updated. In this research, we collected a Java dataset of flaky
tests from IDoFT until October 23, 2023. The dataset originally contained 5,500 tests,
including 128 duplicates. After removing duplicates, we were left with 5,372 tests. We
then filtered this set to include only those flaky tests for which the fixes were accepted,
meaning that the pull requests (PRs) addressing these flaky tests on GitHub were approved
by the original developers, thus resulting in 788 tests. From this subset of flaky tests, we
analyzed the diff of the original flaky tests and their developer repairs. We removed 226
tests that had repairs exclusively in the code under test (CUT) with no changes to the
test code, leaving 562 tests that were fixed by modifying the test code. As explained in
the Introduction section as well, the flaky tests that can be fixed in a black-box manner
are in the minority, but they are still important since testers and testing tools can fix
them even without any access to production code, which is typical for some QA teams.
The remaining tests were resolved through test configuration adjustments, changes in test
case execution order, fixes implemented in the production code, or are pending in open
pull requests (awaiting approval, rejection, or being deliberately skipped by the original
developers). More details about this can be found online on the IDoft Repository.

Consequently, our final dataset comprises 562 flaky tests and their corresponding reso-
lutions from the IDoFT Java dataset. Notably, this dataset represents the largest available
repository of flaky tests that are fixable through modifications of the test code. These tests
originate from 123 distinct projects, offering a broad spectrum of test cases, which greatly
benefits the generalizability of our predictive models.

Labeled Dataset of Flaky Test Fix Categories

To create the labeled dataset out of the IDoFT dataset, we followed the procedure discussed
in Section 3.3 and labeled each flaky test automatically. Our dataset is publicly available
in our replication package [26]. The resulting labeled dataset is unbalanced with respect to
the distribution of tests across fix categories. Though, in our prediction phase, to handle
the lack of data, we apply Few-Shot learning, to effectively predict the fix categories will
require a minimum number of test cases per category. Therefore, we selected the categories

Zhttps://mir.cs.illinois.edu/flakytests
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with at least 30 tests as our training set. As a result, our labeled dataset consists of the top
nine fix categories outlined in Table 3.2 for training our model. Since a flaky test may be
associated with multiple fix categories, we have transformed our multi-label dataset into
nine distinct bi-labeled sets, one per category. In each of the nine sets, the positive class
includes tests that belong to the corresponding fix category and the negative class includes
all the other tests. This allows us to treat the problem of predicting each label (category)
as a separate binary classification problem.

Data Augmentation for FSL

We investigated code models with and without using FSL. Without FSL, we fine-tuned
the code models with an FNN as discussed in Section 3.3. For this, we used random
oversampling [11], [27], which adds random copies of the minority class to our training
dataset, which otherwise would be imbalanced (fewer positive examples).

In our fine-tuning approach, inspired by FlakyCat [4], we addressed limited training
data by employing data augmentation techniques [104,111] along with a Siamese Network,
triplet loss function, and FSL. Specifically, we synthesize additional valid triplets for train-
ing, by creating <anchor, positive, and negative> tests for each flaky test in the training
data, thus increasing the training samples. For example, if the original training dataset
has 20 samples, data augmentation will potentially create 20 new positive samples and
20 new negative samples, resulting in a total of 60 training samples. For each triplet per
category, the positive test must belong to the positive class (same as the anchor test),
while the negative test must belong to the negative class. To synthesize additional positive
and negative tests, we mutate the test code by replacing the test names and changing the
values of variables (integers, strings, and Boolean values) with randomly generated values.
For example, for a test case in the training set named postFeedSerialization Test, we create
a new test case (and label it with the same class label) and call it postFeedSerialization-
Test_xacu4. Then we change the value of an integer variable ’access point’ from ’1’ to
8967, randomly. Also, the string value is randomly replaced from ’AMAZON-US-HQ’ to
"AMAZON-"RZjqJ”-HQ".

We automatically verify the created pairs, to ensure no duplicate tests are generated
and to retain all flakiness-related statements unchanged. We thus produce enough samples
to form the triplets (a set of anchor, positive and negative tests) required for this fine-tuning
procedure.

3.4.3 Experimental Design

This subsection covers the baselines, code model training and testing, GPT model’s prompt
template, and execution of the repaired flaky tests.
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Baseline

Automatically defining different categories of flaky test fixes using only test code and then
labeling flaky tests accordingly along with generating a full repair of flaky tests is a task
that has not yet been studied before. Previous work has either analyzed the causes of
flakiness [4] or manually identified the fix for flaky tests [87]. To design our experiment, we
only focused on code models for prediction, as explained in Section 3.3.2. As our technique
relies exclusively on test code, we cannot compare it with traditional machine-learning
classifiers, which require a pre-defined set of features such as execution history, coverage
information in production code, and static production code features [27]. Alternatively,
only relying on predefined static features from test code is challenging. These features may
not capture all the semantics of the code that contribute towards flakiness and may not be
good indicators to predict fix categories. Lastly, defining good features, often referred to
as feature engineering [111], is not an easy task. In contrast, we aim to develop a solution
that is practical where testers just pass the test code directly to a model as input and get
information regarding their fix category, rather than going through the process of defining
features.

We excluded traditional sequence learning models as baselines, such as the basic RNN
or LSTM models, since they are not pre-trained like code models. Hence, they require
large datasets to train their many parameters and avoid over-fitting [17,88].

Therefore, we evaluated our idea using two SOTA code models, namely CodeBERT
and UniXcoder, both with and without FSL. FSL has been recommended in previous work
for small datasets (e.g., for flakiness root-cause prediction [4]), but has not been compared
with code models without FSL. Thus we also included this experiment.

Training and Testing Prediction Models

To evaluate the performance of our code models for predicting the fix categories, we em-
ployed a stratified 4-fold cross-validation procedure to ensure unbiased train-test splitting.
This procedure involves dividing the dataset into four equal parts, with three parts allo-
cated for training the model and one part held out as the test set. Moreover, to prevent
over-fitting and under-fitting during the model’s training, we employed a validation split,
which consists of 30% of the training data. This validation dataset is used for fine-tuning
code models using FNN and a Siamese Network. We deliberately did not use a higher
number of folds since for smaller categories that would not leave enough samples in the
train and test sets. For instance, the Change Data Format fix category has only thirty-
three positive examples, which would lead to only four positive examples in each fold of a
10-fold cross-validation.

Evaluation Metrics

To assess the effectiveness of our classifier, we employed standard evaluation metrics, in-
cluding precision, recall, and F1-Score, which have been widely used in previous studies
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of ML-based solutions for flaky tests [4,6,14,27,93]. In our case, precision is of utmost
importance, and we emphasize its role in our results. In practical terms, once a fix cate-
gory is predicted for a flaky test, such as Change Assertion, we want testers to confidently
proceed with fixing the issue by focusing on the code statements matching the category,
e.g., by modifying the assertion type used. Accurately predicting the correct fix category
is therefore critical since attempting to fix a test incorrectly can result in wasted time and
resources [69] and may even cause additional failures in the test suite [37,108].

We used Fisher’s Exact test [97] to assess whether there was a significant difference in
performance among the four prediction methods: fine-tuned CodeBERT and UniXcoder
with and without FSL, across all nine fix categories. Furthermore, in RQ4, we used the
Kappa score [63] to evaluate the level of agreement between the researchers who initially
labeled the dataset. By using the Kappa score, we were able to assess the reliability
and consistency of the initial labels across different categories of fix, despite their varying
sample sizes.

3.4.4 Results
RQ4 Results

To start, 100 test cases were randomly selected and independently labeled by two re-
searchers (that are among the co-authors of this research).The Kappa score was found to
be 0.65, indicating a moderate level of agreement between the two raters. Disagreements
betwe en them were eventually resolved with multiple rounds of discussions to finalize the
fix categories that are used by the automated labeling tool.

To evaluate the labeling accuracy of our automated tool, we took another random set
of 200 flaky tests and obtained their fix category labels from the tool. The same two
researchers then manually labeled these tests, enabling us to calculate the accuracy of our
automated labeling tool as shown in Figure 3.1. We found that the tool had an accuracy
of 98.5%, with only three tests being mislabeled with multiple fix categories, including the
correct one.

RQ5 Results

Table 3.3 presents the prediction results for all nine categories of flaky test fixes using four
distinct approaches, namely CodeBERT and UniXcoder, fine-tuned with Siamese Networks
or FNN. In the former case, we evaluated both LMs using Few-Shot Learning (FSL).

UniXcoder without FSL demonstrated superior precision and similar recall in the
Change Assertion, Change Data Structure, Handle Exception, Change Condition, and Re-
order Parameters categories, with precision of 96%, 89%, 98%, 87%, and 91%, respectively,
outperforming the other three approaches. For Reorder Data, again UniXcoder without
FSL achieves the highest precision score of 96%. However, when incorporating FSL, UniX-
coder demonstrates a superior recall of 88%. Furthermore, CodeBERT without FSL showed
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slightly better results for the Miscellaneous category, with 83% precision and 67% recall,
though the difference with UniXcoder is not significant. For the Reset Variable category,
UniXcoder with FSL yielded high accuracy with 96% precision and 97% recall rates, while
CodeBERT without FSL achieved a slightly higher recall of 98% albeit with a low precision
of 88%. Finally, for Change Data Format, CodeBERT with FSL outperformed all other
approaches with a 97% precision and recall. However, again the difference with UniXcoder
is not significant.

The Change Data Format, Handle Fxception, Reset Variable, Reorder Data and Change
Assertion categories were the easiest for all four approaches to classify, with an average
precision score (across all approaches) of 93%, 96%, 92%, 88%, and 90%, respectively.
This is likely due to the high frequency of common keywords in test code for exception
handling, assert statements, resetting variables, and reordering data (with keywords like
"sort” and “order by”). In the case of the Change Data Format category, the model
looks for a long complicated string that is being passed to a function. These strings are
easier for the model to identify because we observed that all the flaky tests matching this
category contain a long complicated string that needs to be updated to remove flakiness.
All four models demonstrate strong performance across most fix categories, exhibiting high
recall and precision. However, in the Miscellaneous Category, their performance notably
decreases, averaging at 62%. This lower performance may be attributed to the absence
of specific common patterns or code keywords across all tests within this category, which
cannot be expected to be homogeneous. Moreover, in the Reorder Parameter Category,
CodeBERT, with and without FSL, exhibits significantly lower precision compared to
UniXcoder. Further details about the models’ misclassifications are provided in Section 3.5.

Overall, the results presented in Table 3.3 suggest that, for most of the fix categories,
UniXcoder outperforms CodeBERT significantly, based on a Fisher’'s Exact test with
a = 0.05. However, FSL did not significantly improve UniXcoder’s performance, which
is probably due to the limited dataset with only a small number of positive instances for
most fix categories, which hindered fine-tuning.

RQ5 summary: UniXcoder outperformed CodeBERT for predicting most of the
fix categories, with higher precision and recall. The use of FSL does not significantly
improve the prediction accuracy of UniXcoder.

3.5 Discussion

In this section, with qualitative analysis, we aim to ascertain not only theoretical soundness
but also the practical utility of our solution in addressing the repair of flaky tests.

3.5.1 Qualitative Analysis of the Model’s Performance

To gain a deeper understanding of the best model’s performance, we have conducted a
qualitative analysis of representative flaky tests from various fix categories.
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Metric Precision (%) Recall (%) F1 (%)
Category | CB | CB with FSL | UC | UC with FSL | CB | CB with FSL | UC | UC with FSL|CB | CB with FSL|UC | UC with FSL
CA 88 86 96 93 88 86 86 85 88 86 91 89
CDS 86 76 89 85 86 71 87 81 87 74 88 83
HE 97 95 98 95 87 88 89 90 92 91 93 93
RV 88 91 94 96 98 95 97 96 93 93 96 96
CcC 91 84 87 74 84 70 87 70 87 76 87 72
RD 88 80 96 90 82 88 72 88 85 84 82 89
CDF 96 97 90 90 93 97 94 90 96 97 93 95
MC 83 79 82 76 67 61 62 61 74 70 70 68
RP 53 48 91 88 94 88 91 82 64 68 91 85

Table 3.3: Comparison of the prediction results for each fix category using CodeBERT
(CB) and UniXcoder (UC), both with and without FSL. The highest value per metric for
each fix category is highlighted.

Code Model’s Prediction Results for Flaky Test Fix Category

In this section, we are analyzing sample test cases and their predictions using one approach,
namely UniXcoder without FSL, since on mean it performs the best among the prediction
models. We specifically target True Positives (TP) and a False Negatives (FN) from
the same category, to provide the reader with insights regarding how these models can
predict flaky fix categories. We also investigate False Positives (FP), since FP instances
waste testers’ time when they follow wrong suggestions and therefore directly affects the
applicability of the proposed approach.

Figure 4.9 shows a representative example test whose fix category is correctly predicted
as Change Data Structure (TP). On line 2 of this test code, HashMap is used, which can
cause flakiness, as discussed in Section 3.3. Our model correctly predicts the category and
suggests replacing HashMap with LinkedHashMap. Similarly, Figure 4.10 (a) shows
another Flaky test whose fix category is correctly predicted as Handle Exception and
Change Assertion (TP). Figure 4.10 (b) shows the developer fix of the same flaky test where
a correct exception handling was added and assertEquals was changed to assertJSONEqual
for correctly handling JSON objects. The test code shown in Figure 4.11 (a) is an example
where our prediction model fails to correctly predict the fix category (FN) as Handle
FException. This test case differs from the typical patterns observed in that fix category
because the keyword exception was already present in the method signature. Typically,
exception handling is not part of flaky code in that category and an exception or try-catch
is added in the code to resolve flakiness. However, in this case, it is the opposite and the
pattern does not match other examples in the training set. When we examine the corrected
test code shown in Figure 4.11 (b), we notice the exception had been removed as part of
the fix. However, our automated labeling tool classified this test case as handle exception
due to the presence of the ’exception’ keyword.

In general, we do not have many examples of FP cases (13 tests on mean for all of
the four approaches we have used), which is not surprising as it is one of the strengths
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of our proposed solution. One sample FP test code is shown in Figure 4.12. This test
was incorrectly classified as a Change Assertion since no change in the assertion type is
needed. A potential reason for the misclassification can be related to the long string passed
to the assert statement in the code. The pattern of using the long string is similar to cases
where flakiness is addressed by changing an assertion to a more customized assertion with
shorter inputs, for example using AssertJsonStringEquals to handle Json Strings. However,
here the incorrect use of assert was not the cause for flakiness and thus was not changed.
Although the recommendation was a FP, suggesting a Change in assertion might not be a
bad idea after all, not as a fix but as refactoring to create more maintainable tests.

To summarize, we can conclude that the models are correctly learning the patterns that
exist in the test code and, in most cases, FP or FN are simply due to lack of data, where
without the actual fix or other sources of information about the bug, correct prediction is
not possible.

3.6 Threats to Validity

3.6.1 Construct Threats

In our study, the main potential construct validity threat is the possibility of defining
incorrect or incomplete labels in RQ4, which can undermine results in RQ5. To reduce
this potential threat, we first made the process of labeling systematic and automated with
heuristics that are publicly available in the replication package for further evaluation and
improvement. In addition, we also manually checked random samples of the labeled tests,
to confirm the correctness of the process.

Additionally, For RQ5, We did not conduct a per-project analysis in our study due to
the limited number of positive instances for all categories of fixes and the large number
of projects in our dataset (96). This implies that for each flaky test in the test set, very
few flaky tests from the same project are used in the training set, especially for a specific
category. We reported overall results across all projects.

3.6.2 Internal Threats

Internal threats to validity are about to make sure the cause-effect relation identified in
the study is really there and there is no other explanation (confounding factors). In our
study, while predicting the labels is the models context size (510 tokens for CodeBERT
and 1022 for UniXcoder), which may truncate the source code of some test cases and result
in information loss. In our dataset, 49 tests (11% of the total 562 flaky tests) exceed the
token size limit of 510 tokens, and 17 tests (4%) exceed 1022 tokens. This could potentially
impact the accuracy of our prediction results, especially for those fix categories where we
have limited positive examples. Further research should investigate the extent to which
this limitation may affect the outcomes of our study.
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3.6.3 Conclusion Threats

To reduce potential conclusion validity threats, in RQ5, we used Fisher’s Exact test to
make sure our conclusions are statistically significant.

3.6.4 External Threats

Our automated labeling tool and the heuristics are defined for Java tests. We have not eval-
uated our tool on other programming languages but it can be adapted to other languages
and new projects by incorporating adapted keywords and rules. Additionally, CodeBERT
and UniXcoder models are pre-trained on multiple programming languages.

3.7 Conclusion

In this chapter we discussed our approach for categorizing flaky tests according to practical
fix categories based exclusively on test code. Given the limited availability of open-source
datasets for flaky test research, our generated labeled data can also be valuable for future
research, particularly for ML-based prediction and repair of flaky tests. We evaluated two
LMs, CodeBERT and UniXcoder, with and without Few-Shot Learning, and found that
the UniXcoder model outperformed CodeBERT in predicting most fix categories.
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Chapter 4

Repair of Flaky Tests

This chapter addresses TOsg, i.e. automatic repair of flaky tests using LLMs. This section
is an extension of the work from Chapter 3. The contents of this chapter have been
published as Research Question RQ3 for publication in the Journal of Transactions on
Software Engineering (TSE) [28].

4.1 Overview

This section is a continuation of the work we presented in Chapter 3. After predicting the
fix category labels for the given flaky tests, we evaluate the performance of recent LLMs,
namely GPT [80], which possess a vast number of model parameters (up to 175 billion in
GPT 3.5 Turbo), in analyzing their capability to generate fixes for flaky tests using the
predicted fix category labels. This is shown in Figure 4.1. Our findings indicate following
key points: (1) Our predicted fix category labels play a significant role in guiding GPT
to generate better full fixes for flaky tests. We evaluated this using CodeBLEU [19] and
achieved a mean score of 81% when using predicted fix category labels in the input prompt,
compared to 75% without them. These results are further enhanced with in-context learn-
ing [58], which we tested on three different fix categories; (2) Based on the execution and
analysis of a sample of GPT-repaired tests, we estimate that a large percentage can be
expected to pass, roughly between 46% and 80% of them. For the generated tests that
fail, the required changes to correct them are limited, with an average of 16% of the tokens
needing modification in the test code. The rest of this section is structured as follows.
Section 4.2 discusses our flaky test repair approach in detail. Section 4.3 presents the eval-
uation of our results with different types of input prompts to the GPT model. Section 4.4
discusses the incorrect generations by the GPT model. Section 4.5 explains threats to the
validity. Section 4.6 reports related work and finally, Section 4.7 concludes this chapter.
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public void testParamsMapToString() {
Map<String, String[]> params = new LinkedHashMap<>();

params.put("a", new String[]{"1", "2", "3"});
params.put("b", new String[]{"8", "7", "8"});
String result = UrlUtils.paramsMapToString(params);
Assert.assertEquals(result, "&a=1,2,3&b=8,7,6");

Repaired Flaky Test

Figure 4.1: Predicting fix category label and generating repaired flaky tests using LLMs
4.2 Approach

This section presents our approach for generating repaired flaky tests using LLMs with the
help of our predicted fix categories.

4.2.1 Repairing Flaky Tests Using GPT and our Proposed Fix
Categories

LLMs such as GPT have been successfully applied to many automated software engineering
tasks in the past [24,129], including automated program repair [89, 116, 126] and [30].
Therefore, as part of our study, we are interested to see (a) how effectively an off-the-
shelf GPT can generate fixes for our flaky tests and (b) how our classification of fixes can
potentially help GPT to better fix flakiness.

We use GPT-3.5 Turbo, with 175 billion parameters and a context window of 16,385
tokens, designed to accommodate long inputs (in our case full test cases). This GPT version
was released on November 06, 2023 and has shown superior performance for diverse code-
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related tasks compared to prior versions. As per OpenAl’s official website [79], this model
has been trained on data up to September 2021.

GPT-4, which was unveiled early 2023, features 1.7 trillion parameters, significantly
surpassing GPT-3.5 in performance. However, the latest GPT-4’s training dataset extends
up to December 2023. Further, there is another version of GPT-4 that is trained up to
April 2023. Given that a majority of flaky tests in our dataset were posted on the public
repository before these two dates, we chose not to use GPT-4 as it could lead to data
leaks. Though there are more recent test case fixes in our dataset, most of them are not
yet accepted changes and we only consider fixes that are approved by the developers.

GPT Prompt for Fixing Flaky Tests

To evaluate the impact of predicted fix categories on GPT’s repair capability, we incor-
porate the predicted category alongside the flaky test code as input query to GPT (the
prompt). We use two different methods to build the prompt. The first simply provides flaky
test code with its corresponding fix category label, while the second employs in-context
learning. Influenced by recent research on prompt optimization for GPT [58], in-context
learning provides multiple examples of inputs and their expected outputs, as the context.
Since fine-tuning a LLM is expensive, with in-context learning, the LLM learns at inference
time [117] on how to optimize its output for a particular problem domain (characterized
by the examples in the context).

Section 4.3.4 shows our both prompt templates. In our current implementation of in-
context learning, a prompt contains the flaky test requiring repair, its predicted category,
and some sample flaky tests from the same category in the training set, accompanied by
their respective fixes. This methodology enriches the model’s output (the fix) by exposing
it to prevalent resolution strategies applied to flaky tests within a specific category. Future
investigations could delve into further optimizing these in-context learning prompts [96] to
get the best results possible from GPT.

4.3 Validation

4.3.1 Research Questions

In this section, we address the following research question:

RQ6 How effective is GPT-3.5 Turbo in repairing a given flaky test, with and without
information regarding its fix category and fix examples?

Motivation: Given a fix category, the next question is to check to what extent having
that information helps in fixing flakiness. To answer that, we focus on a fully automated
flaky test repair approach and want to assess whether knowing the flaky test category help
obtain better repairs. To automate the repair process, we chose to rely on LLMs that

51



are pre-trained on an extensive corpus coming from various resources, enabling them to
generate complete code without requiring fine-tuning.

The recent development of LLMs with 175 billion parameters for GPT-3.5 Turbo and
1.7 trillion parameters for GPT-4 [79], trained over a dataset size of 45TB [12] offers
significant potential for automating tasks related to source code, including automated
program repair [30]. Thus RQ6 investigates whether the fix categories predicted in RQ5
enhance the performance of GPT models in repairing flaky test cases and to what extent
we can achieve correct repairs. Additionally, we use in-context learning to understand how
the GPT model’s ability to fix issues improves when given examples of a specific type of
flaky fix alongside our suggested fix category label.

4.3.2 Data Selection for Evaluation with GPT Model

In RQ6, we selected 562 tests to assess how well the GPT model deal with our flaky
tests with and without fix category. Since the GPT 3.5 model was trained on collected
data up to September 2021, we only included tests that were fixed or added after that
date. Including older tests could be considered data leakage, since these tests are in the
public domain (GitHub) and there is a high chance that they are in the model’s training
set. This exclusion criterion resulted in 181 tests from 61 distinct projects which included
at least one test from each of the nine fix categories.

4.3.3 Data Selection for Execution of Repaired Flaky Tests

To gain further insights into the GP'T-generated repaired flaky tests, we conducted execu-
tions of selected tests. Our dataset comprises 181 tests from 61 distinct projects. Among
these projects, we selected projects where at least five flaky test cases were present, which
resulted in nine projects. Out of these nine projects, the test cases of four projects could
not be executed due to missing dependencies, resulting in build failures, or the unavail-
ability of certain files linked to flaky tests mentioned in the IDOFT dataset, either due
to merged commits or non-existent files in our local system. Consequently, from these 5
successfully executed projects, we collected results of all their flaky tests (35 test cases).

4.3.4 Experimental Design

This subsection covers the GPT model’s prompt template and execution of the repaired
flaky tests.

Prompt Design
To get the fixed flaky test code from GPT, we use three different types of prompts, as

follows: (1) we pass the flaky test code in the prompt to the model and ask it to generate
its fix as shown in Figure 4.2, (2) we provide both the flaky test code and the fix category
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label we predicted for that flaky test. We then ask the GPT model to generate a fix as
shown in Figure 4.3, and (3) we extend the content of the second type by also passing
a few examples to the model as shown in Figure 4.4. This type of prompting aims to
assess GPT’s performance with in-context learning. We focused on three fix categories
comprising more than 30 instances (to have large enough sample sizes to make meaningful
conclusions) within our dataset of 181 tests: Change Assertion (64 examples), Change
Data Structure (41 examples), and Change Condition (41 examples). This resulted in a
dataset of 146 tests. From these, we randomly selected 5 examples from each category for
in-context learning, leaving a total of 131 tests for our in-context learning experiments.

We used these selected examples of flaky tests, along with their respective fixes and fix
category labels, as prompts for the GPT model. Our prompt requested the model to provide
a fix for a new flaky test based on a given fix category label, utilizing information derived
from these example tests and their associated fix category labels. Our prompt explicitly
requests the model to provide only the fixed test code, excluding any additional textual
descriptions. This approach streamlines the output, ensuring that the model generates the
test code directly without requiring post-processing. In the future, we plan to further test
our GPT model using a larger number of examples of flaky tests. This expansion aims to
evaluate and enhance the model’s capabilities in handling varied scenarios.

# Input (Prompt) :

This test case is Flaky: [Flaky
Code] . Just Provide the fixed code
of this test case only to make it
non—flaky. Do not provide any other
text description.

l

@ GPT-3.5 Turbo

|

# Output (Generated Output):
[Fixed Flaky Test Code]

Figure 4.2: Flaky test fix using GPT-3.5 Turbo without fix category label.
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# Input (Prompt):

This test case is Flaky: [Flaky Code]
This test can be fixed by changing
the following information in the
code: [Fix Category Label]

Just Provide the full fixed code of

this test case only without any other
text description.

!

@ GPT-3.5 Turbo

|

# Output (Generated Output) :
[Fixed Flaky Test Code]

Figure 4.3: Flaky test fix using GPT-3.5 Turbo with fix category label.

4.3.5 Test Case Execution

To verify the automatically generated repairs, as described in Section 4.3.3, we ran 35 tests
obtained from 5 projects that could be executed. To do so, initially, we executed the original
developer-repaired versions of the 35 tests, 10 times each, to help verify the approved fix was
indeed correct. Then, we executed the LLM-generated versions of these tests, 10 times each
as well. Given that a test may remain flaky even after repair if the correction is inadequate,
multiple runs were necessary to ascertain consistent outcomes across executions. That is,
a passing or failing test should consistently pass or fail, respectively, in all 10 runs.

4.3.6 Evaluation Metrics

To evaluate how useful our classification is for improving an automated repair model (i.e.,
GPT in this case), we have used several metrics from the BLEU score family [84] (i.e., Cor-
pus BLEU, Sentence BLEU, and CodeBLEU), which are widely used metrics in automated
code generation and repair studies [2,19,57,62].

Particularly, CodeBLEU is crucial as it captures both the semantics and syntax of the
code, providing a more precise evaluation of the generated code. Unlike the traditional
BLEU score, which assesses the similarity between candidate and reference texts, based
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& Input (Prompt) :

This test case is Flaky: [Flaky Code]
This test can be fixed by changing
the following information in the
code: [Fix Category Label]

Just Provide the full fixed code of
this test case only without any other
text description. Here are some Flaky
tests examples, their fixes and fix

category labels: [Examples]

l

@ GPT-3.5 Turbo

l

& Output (Generated Output):
[Fixed Flaky Test Code]

Figure 4.4: Flaky test fix using GPT-3.5 Turbo with in-context learning.

solely on sequences of n contiguous tokens (n-grams) overlapping, CodeBLEU incorporates
additional components to account for the specific code characteristics. It is defined as a
weighted combination of four parts [98] as shown in the below equation.

CodeBLEU = « - BLEU + 8 - BLEU yeight

(4.1)
+y - Match,gt + 0 - Matchgs

where:

« BLEU represents the standard BLEU score, measuring the overlap of n-grams be-
tween the generated and reference code.

e BLEUeignt denotes the weighted n-gram matching, assigning varying weights to
n-grams to emphasize important code keywords like int, char, public, and others.
Different weights are assigned to different n-grams, with keywords often receiving
higher weights.

o Match,gt signifies the syntactic AST match, focusing on the syntactic structure of
the generated code.
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o Matchgr assesses the semantic similarity between generated and reference code by ex-
amining their data-flow representations. Code is represented as a graph where nodes
represent variables, and edges indicate how variable values flow. Unlike Abstract
Syntax Trees (AST), data-flow graphs illustrate how variables interact within the
code. We are thus able to measure the semantic match between the candidate and
reference code.

The parameters a, 3, v, and ¢ in Equation 4.1 represent the weights of the above-mentioned
four parts in the CodeBLEU score. We have used a value of 0.25 for all four weights, as
used by Ren et al. [98]. These four components collectively evaluate both the grammatical
correctness and logical correctness of the generated code, making CodeBLEU a compre-
hensive metric for code evaluation.

Beside syntactic similarity metrics like CodeBLEU, we also executed a subset of repaired
tests to assess the correctness of GPT-repaired flaky tests. Analysing the execution results,
we calculated the passing rate of the repaired tests. Then using bootstrapping [72] with
a 95% confidence level, a statistical method for estimating properties of a large sample
from repeated sampling (with replacement) from a small sample, we established lower and
upper bound percentages of passing test cases within the entire flaky test set, including
non-executable test cases. Additionally, we used a logistic regression [42] model to predict
the pass rates of non-executable tests based on their CodeBLEU scores in various prompt
settings.

Furthermore, for passing tests, we manually ensured they did not introduce regressions
regarding the test class’s bug-finding capability. While tests with a CodeBLEU score of
100% didn’t need equivalence checks, for those with scores below that, we manually verified
behavioral equivalence with the ground truth. This was possible given the relatively low
complexity of the test cases.

Regarding failing tests, we calculated the Levenshtein Edit Distance [100] between
the generated and actual fixes. This is a measure of similarity between two strings that
determines the minimum number of token edits needed to transform one into the other.
We can then compute the number and percentage of tokens needing change to achieve
perfect alignment with the original developer-repaired test.

4.3.7 Results

Table 4.1 reports on the evaluation results generated by GPT 3.5 Turbo, which processes
a flaky test and provides its corrected version, with and without our predicted fix category
labels as input. The assessment metrics include median and mean scores for Corpus BLEU,
Sentence BLEU, and CodeBLEU across the 181 flaky tests in the test set. The inclusion of
our predicted fix category labels, in the prompt, increases the median of all three metrics
by 7%, 6%, and 4% for Corpus, Sentence, and CodeBLEU, respectively. The improvements
are statistically significant based on non-parametric Wilcoxon signed-rank tests at a signif-
icance level of @ = 0.05, with a p-value below 0.0001 in all three cases. This improvement is
attributed to the additional information provided to the GPT model, aiding it in precisely
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identifying and addressing the issues causing test flakiness. This finding also indirectly
suggests that our predicted fix categories are well defined and may effectively help testers
identify the specific code segments that require modification to mitigate flakiness. In the
rest of this RQ, we only report CodeBLEU scores, since they are designed to more directly
assess the semantics and syntax of code rather than natural language text, thus providing
a more accurate evaluation of generated test code.

Table 4.2 shows median and mean CodeBLEU scores per fix category, with and without
using label information. As we can see, in most categories, the labels improve the mean
and median CodeBLEU scores. The improvements per category range from 0% to 17%
for the mean and from -1% to 22% for the median CodeBLEU. Smaller improvements are
either in categories with very few samples (e.g., Reset Variables with only one sample) or
when the results are already quite high (e.g., Change Condition with a median CodeBLEU
of 89% without labels). The only category where the Median results slightly dropped (1%)
after providing the labels is the Misc category. This is most likely because the Misc label
does not offer practical information on how to resolve the flakiness.

Now to expand the analysis to the third prompting approach (in-context learning),
Table 4.3 compares the three approaches for the Change Assertion, Change Data Structure,
and Change Condition fix categories. As explained, we only look at these categories since
after removing 5 samples per category to be included in the context, only these categories
have enough samples to do a proper analysis and run statistical tests.

Looking at the table, we see that, for the Change Data Structure category, the mean
and median CodeBLEU scores increase from 80% to 86% and 87% to 94%, respectively,
when we use in-context learning versus simply providing the labels. Similarly, for the
Change Condition category, mean and median CodeBLEU scores increase from 88% to
92% and 90% to 97%, respectively. However, in the case of the Change Assertion category,
there is no discernible improvement in the model’s performance after exposure to a limited
number of examples. This could be attributed to the variability of assertion statements
within the test code, suggesting that multiple approaches may exist to fix assertions and
resolve flakiness. It is plausible that the number and variety of examples provided was
insufficient for the model to grasp the diverse spectrum of assertion-related fixes. Further,
as depicted in the boxplots in Figure 4.7, the overall distribution of the CodeBLEU scores
shows significant variance for all types of prompts and the three fix categories. The low
minimum values in all cases shows that there are flaky tests that are not fixed regardless of
the prompting strategy. However, when looking at the CodeBLEU over all three categories
for in-context learning, it is clear that, for the majority of the cases, the CodeBLEU scores
are quite high. For example, even for the Change Assertion category, which has the lowest
minimum scores, 75% of samples have CodeBLEUs higher than 55%, and for half of the
test cases the CodeBLEU scores are greater than 85%.

Given the variance in CodeBLEU values per category, we again used the non-parametric
Wilcoxon signed-rank test with a significance level of @ = 0.05 to make sure the improve-
ments we see in medians are statistically significant as well. Our findings indicate that,
when accounting for all three categories, both for prompts with label and without la-
bel, in-context learning makes a significant difference, with p-values below the significance
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threshold p < 0.001. However, looking at individual categories, this difference for prompts
with label is only significant for Change Data Structure and Change Condition, with p-
values p < 0.001 and p = 0.007, respectively.

In future investigations, we intend to systematically explore the use of different prompts
by augmenting the number and types of examples or experimenting with other prompt
engineering strategies [57]. Further details regarding GPT’s performance on individual fix
categories are discussed in Section 4.4.

To gain deeper insights into the performance of GPT-repaired flaky tests, we conducted
a series of evaluations based on test execution results. For the reasons explained in Sec-
tion 4.3.3, we could only execute a total of 35 tests, each repeated 10 times, resulting in
24 passing and 11 failing tests, with consistent results across the 10 runs.

From the 35 executable tests, generated with labels and examples, for the three cate-
gories where the latter are available, we would like to first estimate the passing rate of fixed
tests while accounting for the uncertainty associated with such a limited sample. Using
Bootstrapping, we estimate a 95% confidence interval for the percentage of passing tests,
that ranges from 51% to 83%. This interval is informative for testers, who do not have
access to CodeBLEU scores in practical testing scenarios, and would like to know what
to expect from FlakyFix. Based on these results, we conclude that FlakyFix provides an
effective solution in a large proportion of cases.

Next we are interested in determining the relationship between execution outcomes and
the corresponding CodeBLEU scores to ascertain the reliability of the CodeBLEU metric
in assessing the generated test. Specifically, we expect that tests with higher CodeBLEU
scores to have a higher likelihood of passing and vice-versa. Overall, the average score
among passing and failing tests is 94% and 74%, respectively, suggesting that higher Code-
BLEU scores are an indicator of passing tests. In particular, among the passing tests, 16
out of 24 achieved a perfect CodeBLEU score of 100%, indicating an exact match with the
developer-repaired versions. Additionally, 22 tests scored above or equal to 80% on Code-
BLEU. Conversely, among the 11 failed tests, only five tests achieved CodeBLEU scores
above or equal to 80%. However, one passing test exhibited a notably lower CodeBLEU
score of 36%, as illustrated in Figure 4.8, showing an alternative but correct repair. This
particular case perfectly illustrates the limitations of using CodeBLEU scores.

To quantitatively model the relationship between CodeBLEU scores and the test pass-
ing probabilities, we train a Logistic Regression (LR) [42] model on the 35 executable tests,
using their pass/fail labels, achieving an accuracy of 80% (correctly predicted test cases).
The choice of LR is due to the small sample and the fact that we have one explanatory
variable, CodeBLEU, that is expected to have a monotonic relationship with the test pass-
ing probability. The model’s goodness of fit, measured by Chi-Square test [64], yields a
p-value of 0.010, which indicates a statistically significant relationship between CodeBLEU
scores and the probability for a test to pass, despite the small size of the sample. The fit-
ted LR curve between CodeBLEU scores and the probability for a test to pass is shown in
Figure 4.5, showing a sharp increase in passing probability beyond CodeBLEU scores of
50.

To estimate the passing test rate among the non-executable tests, we apply this trained

58



LR model to predict the outcomes of these tests. We calculate 95% confidence intervals
for the predicted probabilities using standard errors derived via the delta method [7]. This
method allows us to approximate the variance of the predicted probabilities by first calcu-
lating the standard errors on the logit scale and then transforming these to the probability
scale. With this, we ensure that the confidence intervals account for the non-linear re-
lationship between the logit and the predicted probability, giving a reliable measure of
uncertainty around our predictions. According to our estimates, from the 181 test dataset,
we obtain the following probability confidence intervals and passing test estimates:

o With No Label prompt: Confidence Interval: 0.44-0.50 — 80 (44%) tests to 91 (50%)
tests are projected to pass.

o With Label prompt: Confidence Interval: 0.51-0.57 — 92 (51%) tests to 103 (57%)
tests are projected to pass.

From the 131-test dataset (those that we can apply in-context learning on), we obtain the
following results:

« With No Label prompt: Confidence Interval: 0.44-0.52 — 58 (44%) tests to 68 (52%)
tests are projected to pass.

o With Label prompt: Confidence Interval: 0.50-0.58 — 66 (50%) tests to 76 (58%)
tests are projected to pass.

o With in-context learning: Confidence Interval: 0.53-0.60 — 69 (53%) tests to 79
(60%) tests are projected to pass.

Tables 4.4 and 4.5 provide the passing test estimates in terms of upper and lower bounds
across different prompt settings, for the 181 and 131 test datasets, respectively.

From the above results, we can conclude that providing labels with the prompt to GPT
does indeed make a difference in terms of passing tests. Overall, a reasonable proportion of
generated tests with labels are predicted to pass, ranging approximately from 50% to 60%
when accounting for uncertainty. Furthermore, for the 11 GPT-generated tests that failed
upon execution, we calculated the edit distance as a surrogate measure to assess the manual
effort required for fixing. The results revealed that, on average, 16% of the tokens needed to
be replaced to convert a failed test into the corresponding ground truth.Figure 4.6 depicts
the trend between CodeBLEU scores and the percentage of token replacement. The scatter
plot suggests that GPT-repaired tests with higher CodeBLEU scores tend to require fewer
edits for repair, suggesting closer alignment with the developer-repaired versions. Lastly,
to gain further insights into GPT’s performance, we analyzed the fix categories of the
11 failed tests. Among these, six tests fell under the Change Data Format category. Of
the remaining five, three were categorized under Change Assertion and two under Change
Data Structure. The predominance of failed tests in the Change Data Format category
can be attributed to the absence of in-context learning for this category, due to insufficient
available instances as explained in Section 4.3.4. Our approach for this category relied solely
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on prompts with label information, affecting the quality of generations. However, as visible
in Table 4.3, for the other three fix categories, the results indicate notable improvements
in GPT’s generation quality with the implementation of in-context learning.

Logistic Regression Curve

0.8

e
[=4]
1

Probability of pass
[=]
=

0.2 1

0.0 1

—— Logistic regression curve

30 40

T
50 60

T
70

CodeBLEU value

T
80 90 100

Figure 4.5: The Logistic Regression Curve showing a relation between CodeBLEU scores

and probability of passing.

Prompts With Labels | Prompts Without Labels
Metrics
Mean Median Mean Median
Corpus BLEU 76 82 69 75
Sentence BLEU s 82 70 76
CodeBLEU 81 85 75 81

Table 4.1: Evaluation of the GPT-3.5 generated flaky tests using BLEU Scores across all

categories for 181 flaky tests.

4.4 Discussion

4.4.1 GPT-Generated Repair of Flaky Tests

To examine repaired flaky tests generated by GPT, we analyze three prompting methods:
(a) a simple prompt without the fix category label, (b) the same prompt but with the
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Fix CodeBLEU Score
. Prompts With Labels Prompts Without Labels Count
Categories - .
Mean Median Mean Median

Change Assertion 80 85 76 79 64
Change Condition 87 90 84 89 41
Change Data Structure 87 81 72 82 41
Misc 76 83 75 82 22
Change Data Format T 80 60 58 13
Reorder Parameters 86 86 T 83 10
Reorder Data 71 73 69 73 5
Handle Exceptions 66 73 59 60 7
Reset Variable 95 95 95 95 1

Table 4.2: Median and mean CodeBLEU score per fix category, with and without providing
the fix category labels in the GPT prompt.

CodeBLEU Score
Fix
Prompts Prompts Prompts with
Categories
Without Label With Label In-Context Learning Count
Mean | Median | Mean | Median | Mean Median
Change Assertion T 80 79 84 79 85 59
Change Data Structure 75 81 80 87 86 94 36
Change Condition 85 88 88 90 92 97 36

Table 4.3: Comparison of median and mean CodeBLEU scores for different fix categories
using fix category labels and in-context learning.

Lower Bound Upper Bound
Prompts
Passing Tests # | Passing % | Passing Tests # | Passing %
With No Label 80 44% 91 50%
With Label 92 51% 103 57%

Table 4.4: Passing Estimates from the 181 test dataset for the GPT-repaired tests with
and without providing the fix category labels in the GPT prompt.

Prompts Lower Bound Upper Bound
Passing Tests # | Passing % | Passing Tests # | Passing %
With No Label 58 44% 68 52%
With Label 66 50% 76 58%
In-Context Learning 69 53% 79 60%

Table 4.5: Passing Estimates for the GPT-repaired tests using fix category labels and in-
context learning (for the 131 tests).
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Figure 4.6: Comparison of CodeBLEU Score with the percentage of tokens changed in
failed GPT-generated tests

label, and (c¢) adding extra context (sample fixes) to the prompt, i.e., in-context learning
(described in Section 4.3.4).

Figure 4.13 depicts a flaky test and its fix by the original developer. Both UniXcoder
and CodeBERT classified this as a Change Data Structure fix, replacing HashMap with
LinkedHashMap to maintain the elements’ order. Figure 4.14 shows the results based on
prompting methods (a) without the Change Data Structure label and (b) with that label.

When the model was provided with the fix category label, the output matched the
developer’s repair (Figure 4.13 — right), achieving a 100% CodeBLEU Score. However,
without the label indicating which statements to fix, the model suggested fixes on the
wrong statements unrelated to the issue.

Now let’s look at another example from the Change Condition category, showcased in
Figure 4.15. Here, the repair modified .containsEzactly() to .containsEzactlyInAnyOrder()
to fix flakiness. Figure 4.16 shows the repaired tests with and without the fix category
label. It also exemplifies a repair where we provided guidance within the prompt for fixing
flaky tests caused by change conditions.

In all generated instances, the generated fix is not an exact match to the original devel-
oper’s repair. In the first two cases, .containsEzactly() was replaced with .containsAnyof(),
which is similar to the ground truth, but does not match exactly. The label-free model
wrongly removed the exception handling. However, with the label, the model preserved
the structure and attempted to fix the problematic statements.

In the third case, in-context learning, the model correctly replaced .containsExactly()
with .containsEzactlylnAnyOrder() based on what model learned from the examples we
passed in the prompt. However, it also incorrectly removed proper exception handling,
similar to the first instance. Based on our observation, it seems that GPT’s accuracy in
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generating fixes depends on whether the prompt contains the fix category and the number
of examples. Future work could improve this accuracy by augmenting the training data
and enhancing prompt quality.

4.5 Threats to Validity

4.5.1 Construct Threats

Furthermore, the accuracy of the results that we obtained for our predicted fix category
labels are very high for most of the fix categories, as shown in Table 3.3. Given this, we
ensured that correct predicted labels are used in different prompts to LLM in this RQ.
Regarding the evaluation metrics in this RQ, we used the CodeBLEU score, a common
metric in text generation tasks. However, we did not execute these automated generated
tests to verify their functionality. Due to dependencies in open-source projects, executing
all these tests is time and computation-intensive. As a result, we have not confirmed
whether the tests with higher CodeBLEU scores will pass or not, or whether they are even
executable. However, improvements in CodeBLEU are unlikely to yield worse test cases,
in terms of functionality or execution. Nevertheless, the inadequacy of the current metrics
is a known challenge [23] in this field and future research is needed to reduce such threats.

4.5.2 Internal Threats

Internal threats to validity are about to make sure the cause-effect relation identified in the
study is really there and there is no other explanation (confounding factors). In our study,
the claim is that our predicted fix categories will help fix flakiness. The main confounding
factor is about the way we prompt the GPT-3.5 model, when asking to fix a flaky test.
Better results might be obtained in the future with additional guidance and more examples
in the prompt. Similarly, using GPT-4 would probably lead to even better results but, as
discussed in Section 4.2.1, this would raise, on our data set, possible data leakage issues.
Additionally, it would be insightful to analyze how often GPT generates a correct fix when
provided with an incorrectly predicted fix category. However, as explained in Section 4.3.3,
we were limited to executing only 35 tests. Within our sample of 35 executable test
cases, we encountered only one instance where the fix category was incorrectly predicted,
albeit partially correct as one of the two categories was accurately predicted. Therefore,
conducting this analysis reliably is not possible with our current data.

4.5.3 Conclusion Threats

To reduce potential conclusion validity threats, we ran Wilcoxon signed-rank test when
comparing different prompt types in RQ6. However, there is still a potential conclusion
threat in RQ6 results with respect to the inherent randomness of GPT models. Indeed,
using the same model and the same prompt can result in different outputs when using
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higher temperatures. In general, the field of prompt engineering, which also includes the
optimization of outputs with several rounds of prompting, is a new field and there are
limited precise and reliable guidelines in the literature. Future work will investigate future
prompting strategies as they get reported.

4.5.4 External Threats

We have only evaluated our repair approach on the tests written in Java and not other
programming languages but it can be adapted to other languages as GPT models are
pre-trained on multiple programming languages.

4.6 Related Work

In this section, we provide an overview of the most related work to predicting flaky test fix
categories and their repair. There are two areas of research that we deliberately exclude,
since they are less related to our study. The first category that we do not include is generic
program repair studies [32]. Although, fixing test code can be seen as a similar task to
program repair, there are fundamental differences between the two areas which are mainly
due to the patterns of fixes. A generic code repair can come in many flavors and patterns
and thus predicting a category of fix is a daunting task. In addition, there are far more data
available for generic program repair (e.g., literally any code fix in GitHub) than for fixing
test flakiness. Therefore, we do not discuss individual papers that study generic program
repair. The second category that we exclude here are studies that analyze test smells and
their patterns [31]. Although these works are more relevant since they are about issues in
the test code, given that they are again generic and not related to flakiness, we exclude
them.

The first set of relevant papers to our study are those that specifically address categories
or taxonomies of fixes or fix patterns. Although they are not about flaky test fixes or
not even about test cases, these studies have nevertheless a similar problem to solve:
categorizing code fixes or causes and predicting them. Ni et al [108] proposed an approach
to classify bug fix categories using a Tree-based Convolutional Neural Network (TBCNN).
To do so, they used the diff of the source code before and after the fix at the Abstract
Syntax Tree (AST) level to construct fix trees as input for TBCNN. In contrast, our
objective is to develop a classifier for fix categories that only use flaky test code to make
predictions, without relying on the repaired versions or production code.

Predicting the cause of flakiness is another category that is relevant to our work. Akli
et al. proposed a novel approach [4] for classifying flaky tests based on their root cause
category using CodeBERT and FSL. They manually labeled 343 flaky tests with 10 different
categories of flaky test causes suggested by Luo et al [60] and Eck et al [21]. However,
they reported the prediction results for only four categories of causes, namely Async wait,
Concurrency, Time, and Unordered collection, as they lacked sufficient positive examples to
train an ML-based classifier for the other categories. They achieved the highest prediction
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results for the Unordered collection cause, with a precision of 85% and a recall of 80%. In a
recent survey on flaky tests [51,85], Parry et al. mapped three different causes of flakiness
with their potential repairs. For instance, they suggested adding or modifying assertions in
the test code to fix the flakiness caused by concurrency. Predicting fix categories provides
testers with a specific direction for modifying the code. Knowing that concurrency is
causing flakiness in a given test is not as useful to testers as they do not know which part
of the code is causing the issue. However, knowing that changing assertions can eliminate
flakiness gives them more practical guidance. Other researchers reported studies [51,128] to
identify flakiness causes, impacts, and existing strategies to fix flakiness. However, none of
them attempted to categorize the tests based on their fixes. Research on repairing flakiness
and categorizing fix categories is still in its early stages, with much of the work focused
on fixing order-dependent flaky tests. For example, iPFlakies [113] and iFixFlakies [103]
propose methods for addressing order-dependent flakiness, while Flex [20] automates the
repair of flaky tests caused by algorithmic randomness in ML algorithms. Parry et al. [87]
proposed a study in which different categories of flaky test fixes were defined and 75 flaky
commits were categorized based on these categories. However, the categorization was
performed through manual inspection of the commits, code diffs, developer comments,
and other linked issues outside the scope of the test code. In another study of flaky tests
in the Mozilla database [21] tests were categorized based on their origin (i.e., the root
cause of the flakiness, whether in the source or test code) and developers’ efforts to fix
them. The need for automated fixing of flaky tests and conducting quick small repairs was
strongly suggested in a recent survey on supporting developers and testers in addressing
test flakiness [34]. Our study aims to address these gaps by developing an automated
solution to categorize flaky tests based on well-defined fix categories, relying exclusively
on test code, providing practical guidance for both manual and automated repair. We also
provide a way to automatically label flaky tests with selected, common fix categories to
train context-specific prediction models.

Although we do not review the generic automated program repair literature, as ex-
plained, we do however discuss related work where LLMs are used for automatic program
repair, since it is very relevant to RQ6 from a technical standpoint. Recent advancements
in LLMs, exemplified by ChatGPT [30], Copilot [76], and similar models tailored for code,
have significantly advanced this field. These models exhibit adeptness in code generation
and are generating considerable interest among researchers striving to enhance automatic
program repair methodologies.

Ribeiro et al. [99] employed GPT-3 to automatically rectify bugs in 1318 buggy OCaml
programs, achieving a repair rate of 39%. Julian et al. [95], using OpenAT’s Codex model,
repaired bugs in Java and Python programs, noting a higher repair rate for Python. Their
utilization of prompts and hints improved Codex’s bug identification, yielding slightly
enhanced results in repairing Java programs. In another recent study by Chungiu et
al. [120], different LLMs like Codex, InCoder, CodeT5 and GPT-2 are investigated for
program repair in Java, Python, and C programs.

Additionally, Mashadi et al. [62] and Xia et al. [121] utilized CodeBERT for auto-
mated program repair on datasets like ManySStuBs4J and Defects4J, respectively, achiev-
ing state-of-the-art results in bug repair for smaller code segments due to CodeBERT’s
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input limitation of up to 512 tokens.

However, while existing research has focused on rectifying bugs in source code, little
attention has been directed towards addressing flakiness within test code itself. Our study
marks the first attempt to fully automate flaky test repairs using GPT, complemented by
providing fix category information to pinpoint flakiness related statements in the code and
enhance the repair capability of the GPT model.

4.7 Conclusion

In this chapter, we use the fix categories discussed in chapter 3 to generate fully auto-
mated repairs of the flaky tests with LLMs. We showed that the category information,
complemented with in-context learning can greatly help a LLM, namely GPT-3.5 in our
case, better fix the flakiness in test code. Moreover, we executed a sample of GPT-repaired
flaky tests and estimated that a large percentage (roughly between 51% and 83%) of these
tests can be expected to pass. For the generated tests that fail, an average of 16% of the
code needs further modification for them to pass.
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1 @Test 1 @Test

2 public veid queryByEmptyKeySubObject() { 2 public veid queryByEmptykeySubobisct() {
3 Jsonobject §S6n = new GSONOBject(*{V™\"IN"empty key of an object with an empty Key\= N"Subkey\":\"Se 3 ISONGbject expectedIsonObject = new JSONObject();

me” +
4 " other value\"}"); 4 expectedisonObject.put("™, empty key of an object with an empty Key™)3
5 ISONObject obj = (ISONObject) query("/obi/™); 5 expectedIsonObject . put(“subkey”, "Some other value”);
6 assertTrue(json.similar(obi)); 6 assertEquals(expectedisonObject.toString(), query(“/obj/").toString());

e

Figure 4.8: Comparison between a GPT-repaired flaky test (right) and its original devel-
oper repair (left), demonstrating a case where the GPT-repaired test passed upon execution
despite displaying a very low CodeBLEU score of 36%.

1 @Test public void testFetchToAttributesWithStringvalues(){

2 final Map<String,String> cells=new HashMap<>();

3 cells.put("cql”,"vall");

4 cells.put("ecq2","val2");

5  final long ts1=123456789;

6 hBaseClientService.addResult("rowl",cells,tsl);

7 runner.setProperty (FetchHBaseRow.AUTHORIZATIONS,"");
runner. setProperty (FetchHBaseRow. TABLE_NAME, "tablel");
runner. setProperty (FetchHBaseRow.ROW_ID,"rowl");
runner. setProperty (FetchHBaseRow.DESTINATION, FetchHBaseRow.DESTINATION_A

TTRIBUTES);

11 runner.enqueue("trigger flow file");

12 runner.run();

13 runner.assertTransferCount(FetchHBaseRow.REL_FAILURE,®);

14 runner.assertTransferCount(FetchHBaseRow.REL_SUCCESS,1);

15 runner.assertTransferCount(FetchHBaseRow.REL_NOT_FOUND,®) ;

16 final MockFlowFile flowFile=runner.getFlowFilesForRelationship(FetchHBas
eRow.REL_SUCCESS).get(0);

17  flowFile.assertAttributeEquals(FetchHBaseRow.HBASE_ROW_ATTR, "{\"row
\"i\"Powl\", \"eells\": [" + "{\"fam\":\"nifi\",\"qual\":\"eqI\",\"val
A"i\"vall\", \"ts\": "+ tsl + "}, "+ "{\"fam\":\"nifi\",\"qual\":\"cq2
A", \"val\ "\ "val2\", \"es\" s e kst "}]3);

18  Assert.assertEquals(l,hBaseClientService.getNumScans());

19 }

® w

)

Figure 4.9: Flaky test example with correct mapping to Change Data Structure fix category
as HashMap here should be replaced with LinkedHashMap to remove flakiness.
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1 @Test public void EesEAllowNuIISChemal){

2 JSONSchema<Foo> jsonSchema=]SONSchema.of(SchemaDefinition.<Foo>builder().with
Pojo(Foo.class).build());

3 Assert.assertEquals(jsonSchema.getSchemaInfo().getType(),SchemaType.JS0N);

a Schema.

Parser parser=new Schema.Parser();

5 String schemalson=new String(jsonSchema.getSchemaInfo().getSchema());

6 Assert.assertEquals(schemalson,SCHEMA_ JSON_ALLOW_NULL);

7 Schema schema=parser.parse(schemalson);
8 for ( String fieldName : FOO_FIELDS) {
9 Schema.Field field=schema.getField(fieldName);
i} Assert.assertNotNull(field);
11 if (field.name().equals("field4")) {
12 Assert.assertNotNull(field.schema().getTypes().get(1).getField("field
"))
13 3
14 if (field.name().equals("fieldUnableMull")) {
15 Assert.assertNotNull(field.schema().getType());
16 }
17 3}
18 }
19
(a) Flaky Test
1 @Test public void testAllowNullSchema() throws JSONException {

2 JSONSchema<Foo> jsonSchema=JSONSchema.of (SchemaDefinition.<Foo>builder().with

Pojo(Foo
Assert.

4 Schema.
5 parser.
[ String

.class).build());
assertEquals(jsonSchema.getSchemaInfo().getType(),SchemaType.IS0N);

Parser parser=new Schema.Parser();
setValidateDefaults(false);

schemalson=new String(jsonSchema.getSchemalnfo().getSchema());

7 assert]SONEqual(schemalson,SCHEMA_JSON_ALLOW NULL);

8 Schema schema=parser.parse(schemalson);

9 for ( String fieldMame : FOO_FIELDS) {

10 Schema.Field field=schema.getField(fieldName);

11 Assert.assertNotNull(field);

12 if (field.name().equals("field4")) {

13 Assert.assertNotNull(field.schema().getTypes().get(1).getField("field
1))

14 }

15 if (field.name().equals("fieldUnableNull")) {

16 Assert.assertNotNull(field.schema().getType());

17 }

18 1

19 }

(b) Fixed Flaky Test

Figure 4.10: Example of Flaky test (Top) and its developer repair (Bottom) where flakiness
is removed by changing assertion and adding exception handling. Our prediction model
correctly classifies this flaky test under the Handle Exception and Change Assertion fix

category.
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1 @Test public void manyParameters() throws Exception {
assertThat(testResult(ManyParameters.class),isSuccessful());
assertEquals(16,ManyParameters.iterations);
assertEquals(asList(-1,-2,-4),ManyParameters.firstTestCases.subList(0,3));
assertEquals(asList(-1,-2,-4),ManyParameters.firstTestCases.subList(4,7));
assertEquals(asList(-1,-2,-4),ManyParameters.firstTestCases.sublist(8,11));

7 assertEquals(asList(-1,-2,-4),ManyParameters.firstTestCases.sublist(12,15));

(a) Flaky test

1 @Test public void manyParameters(){
assertThat(testResult(ManyParameters.class),isSuccessful());
assertEquals(16,ManyParameters.iterations);
assertEquals(asList(-4,-2,-1),ManyParameters. firstTestCases. subList(8,3));
assertEquals(asList(-4,-2,-1),ManyParameters.firstTestCases. sublist(4,7));
assertEquals(aslist(-4,-2,-1),ManyParameters. firstTestCases. sublist(8,11));
assertEquals(aslist(-4,-2,-1),ManyParameters.firstTestCases.sublist(12,15));

(b) Fixed flaky test

Figure 4.11: Example of Flaky test (Top) and its developer repair (Bottom) where our
prediction model is unable to correctly classify this flaky test under the Handle Exception
fix category.

1 @Test public void testGenerateSearchWeightString(){

Map<string,Integer> fields=new HashMap<>();

fields.put("one",10);

fields.put("two",1);

fields.put("three”,15);

String generatedstring=AtlasJanusGraphIndexclient.generateSearchWeightstring(fields);
Assert.assertEquals(generatedString,” ones1@ twor1l threer15");

(<< R I - BV, B SRV N}

Figure 4.12: Example of a flaky test where the model incorrectly classifies it in the Change
Assertion fix category.

1 @Test 1 @Test

2 public void testParamsMapToString() { 2 public void testParamsMapToString() {

3 Map<String, String[]> params = new HashMap<>(); 3 Map<String, String[]> params = new LinkedHashMap<>();
4 params.put("a", new String[]{"1", "2", "3"}); 4 params.put("a", new String[]{"1", "2", "3"});

5 params.put("b", new String[]{"8", "7", "6"}); 5 params.put("b", new String[]{"8", "7", "6"});

6 String result = UrlUtils.paramsMapToString(params); 6 String result = UrlUtils.paramsMapToString(params);
7 Assert.assertEquals(result, "&a=1,2,38b=8,7,6"); 7 Assert.assertEquals(result, "&a=1,2,38b=8,7,6");

8 } 8 ¥

Figure 4.13: Example of a flaky test (left) and its original developer repair (right). Here
flakiness is removed by changing the data structure i.e. replacing HashMap with Linked-
HashMap.
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1 @Test

2 public void testParamsMapToString() {

3 Map<String, String[]> params = new HashMap<>();

4 params.put("a", new String[]{"1", "2", "3"});

5 params.put("b", new String[]{"s8", "7", "6"});

6 String result = UrlUtils.paramsMapToString(params);
7 String expectedResult = "&a=1,2,3&b=8,7,6";

8 Assert.assertTrue(result.contains("&a=1,2,3"));

9 Assert.assertTrue(result.contains("&b=8,7,6"));

10 }

1 @Test
2 public void testParamsMapToString() {

3

[CRN IR RGN

ap<string, String[]> params = new LinkedHashMap<>();
params.put("a", new String[]{"1", "2", "3"});
params.put("b", new String[]{"8", "7", "6"});

String result = UrlUtils.paramsMapToString(params);
Assert.assertEquals(result, "&a=1,2,38&b=8,7,6");

Figure 4.14: Comparison between GPT-generated repaired flaky tests without a fix cat-
egory label prompting (left) and with a fix category label provided(right), illustrating
GPT’s accurate generation of the repaired flaky test when given the fix category label in

the prompt.

@Test
public void testBuildTagSome() {
try {
SubscriptionData subscriptionData = FilterAPI.build(

BowWoN e

n

"TOPIC", "A || B", ExpressionType.TAG
)5
assertThat(subscriptionData).isNotNull();
assertThat(subscriptionData.getTopic()).isEqualTo("TOPIC");

0 ok N o

assertThat(subscriptionData.getSubString()).isEqualTo("a || B");
10 assertThat(ExpressionType.isTagType(subscriptionData.getExpressionT
ype()))-isTrue();

12 assertThat(subscriptionData.getTagsSet()).isNotNull();

13 assertThat (subscriptionData.getTagsSet()).containsExactly("A",
"B");

14 } catch (Exception e) {

15 e.printStackTrace();

16 assertThat (Boolean. FALSE) . isTrue();

17 }

18 }

@Test
public void testBuildTagSome() {
try {
SubscripticnData subscriptionData = FilterAPI.build(
"TOPIC", "A || B", ExpressionType.TAG
)5
assertThat(subscriptionData).isNotNull();
assertThat(subscriptionData.getTopic()).isEqualTo("TOPIC");
assertThat(subscriptionData.getSubString()).isEqualTe("A || B");
assertThat(ExpressionType.isTagType(subscriptionData.getExpressionT
ype()))-isTrue();

assertThat(subscriptionData.getTagsSet()).isNotNull();
assertThat(subscriptionData.getTagsSet()).containsExactlyInAnyOrder
A=) "8");
} catch (Exception e) {
o.printStackTrace();
assertThat (Boolean.FALSE).isTrue();

Figure 4.15: Example of a flaky test (left) and its original developer repair (right). Here
flakiness is removed by changing the condition, i.e., replacing .containsExactly() with .con-

tainsExactlylnAnyOrder().
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1 @Test
2 public void testBuildTagSome() {

3 try {
4 SubscriptionData subscriptionData = FilterAPI.build(
5 "TOPIC", "A || B", ExpressionType.TAG
6 )
7 assertThat(subscriptionData).isNotNull();
8 assertThat(subscriptionData.getTopic()).isEqualTo("TOPIC");
9 assertThat(subscriptionData.getSubString()).isEqualTo("a || B");
10 assertThat(ExpressionType.isTagType(subscriptionData.getExpressionType
())).isTrue();
11
12 assertThat(subscriptionData.getTagsSet()).isNotNull();
13 assertThat(subscriptionData.getTagsSet()).containsAnyOf("A", "B");
14 } catch (Exception e) {
15 e.printStackTrace();
16 assertThat(false).isTrue();
17 }
18 }
19
(a) Repaired flaky test with fix category label.
1 @Test
2 public void testBuildTagSome() {
3 SubscriptionData subscriptionData = FilterAPI.build(
4 "TOPIC", "A || B", ExpressionType.TAG
5 );
6 assertThat(subscriptionData).isNotNull();
7 assertThat(subscriptionData.getTopic()).isEqualTo("TOPIC");
8 assertThat(subscriptionData.getSubString()).isEqualTo("A || B");
9 assertThat(ExpressionType.isTagType(subscriptionData.getExpressionType())).
isTrue();
10 assertThat(subscriptionData.getTagsSet()).isNotNull();
11 assertThat(subscriptionData.getTagsSet()).containsAnyOf("A", "B");
12 }

(b) Repaired flaky test without fix category label.

1 @Test

2 public void testBuildTagSome() {

3 SubscriptionData subscriptionData = FilterAPI.build(

4 "TOPIC", "A || B", ExpressionType.TAG

5 );

6 assertThat(subscriptionData) . isNothull();

7 assertThat(subscriptionData.getTopic()).isEqualTo("TOPIC");

8 assertThat(subscriptionData.getSubString()).isEqualTo("A || B");

9 assertThat(ExpressionType.isTagType(subscriptionData.getExpressionType())).
isTrue();

1e

11 assertThat(subscriptionData.getTagsSet()).isNotNull();

12 assertThat(subscriptionData.getTagsSet()).containsExactlyInAnyOrder("A",
"5

13 }

14

(c) Repaired flaky test with in-context learning.

Figure 4.16: Effect of different prompts on GPT’s repaired flaky test generation: with fix
label (Top), without fix label (middle), and with in-context learning (bottom).
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Chapter 5

Conclusion

In this section, a summary of contributions is provided along with the practical implications
of this work. Moreover, we also discuss this thesis’ limitations. Finally, future work items
are identified.

5.1 Summary of Contributions

In summary, this thesis provides the following contributions:

1. Flakify, a generic, black-box, language model-based flaky test case predictor, which
does not require rerunning test cases. It predicts flaky test cases on the basis of test
code without requiring the definition of features. This is the first time a language
model has been used to address flaky tests. Our contributions related to Flakify
include:

(a) Development of ML-based classifier that predicts flaky test cases based on the
test code without requiring the definition of features.

(b) A Java-based implementation of an Abstract Syntax Tree (AST)-based tech-
nique for statically detecting and only retaining statements that match eight
test smells in the test code, thus enhancing the application of LMs.

(c) Running a large scale experiment, predicting flaky tests on two distinct datasets:
FlakeFlagger containing 21,661 test cases collected from 23 Java projects, and
the International Dataset of Flaky Tests (IDoFT) containing 3,862 test cases
collected from 312 Java projects.

2. FlakyFiz, a novel black box language model-based framework for categorizing flaky
tests on the basis of the fixes required and then automatically repairing them. Our
contributions related to FlakyFix are:

(a) Definition of a categorization for flaky test fixes. This is done to provide guid-
ance, either to a human or a LLM, for fixing tests.
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(b) Development of a set of heuristics (search rules) and accompanying Python
based open-source scripts to automatically label flaky tests based on their fixes.

(c) Creation of a public dataset of labeled flaky tests for training, using our auto-
mated script.

(d) Definition of a black-box framework for predicting flaky test fix categories using
code models (LM that are pre-trained on code) and few-shot learning (FSL).

(e) Quantitative and qualitative analysis of two SOTA small code models, with and
without FSL, to compare alternative prediction models.

(f) Automatic generation of fixes for flaky tests using a LLM (GPT 3.5 Turbo), with
and without the predicted fix categories, to analyze how these labels enhance
the generated fixes.

(g) Based on the execution of a sample of GPT-generated tests, we relied on Code-
BLEU metrics and statistical methods, including bootstrapping and logistic
regression, to estimate the pass rate for all generated repaired tests, includ-
ing those that could not be executed. We also assessed the magnitude of the
modifications needed to manually fix tests that failed.

5.2 Practical Implications

Our research aims to significantly improve industrial practices by addressing test flakiness.
We seek to reduce developers’ efforts in detecting flaky tests, eliminating the need to rerun
tests multiple times, especially in large-scale systems. Additionally, we propose methods
to categorize tests based on fix types and to automate full or partial repairs, enhancing
the reliability of the software testing process.The data sets and codes used in Flakify and
FlakyFix are publicly available in our replication packages [25,26].

5.2.1 Flakify in Practice

Flakify can be deployed in Continuous Integration (CI) environments to help detect flaky
test cases. One could argue that the CI build history can be used as reference to conclude
whether a test case is flaky or not. However, regular test case executions across builds may
not entirely solve the problem, since differences in test case verdicts, i.e., pass or fail, can
be due to differences in builds rather than flakiness. Therefore, test engineers can use the
prediction results obtained from Flakify to fix test cases that are predicted as flaky, e.g., by
eliminating the presence of test smells, or otherwise rerun them a larger number of times,
using the same code version, to verify whether a test case is actually flaky or not. More
specifically, Flakify helps test engineers focus their attention on a small subset of test cases
that are most likely to be flaky in a CI build. As our results show, Flakify significantly
reduces the cost of debugging test and production code, both in terms of human effort and
execution time. This makes Flakify an important strategy in practice to achieve scalability,
especially when applied to large test suites. Moreover, the test smell detection capability
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of Flakify helps to inform test engineers about possible causes of flakiness that need to be

addressed.

5.2.2 FlakyFix in Practice

FlakyFix can help repair flaky tests both automatically or with some human intervention.
When a test is flagged as problematic (either by a person or other tools), there are two
options to fix flakiness: a manual fix by the tester, or running an automated program
repair tool. In either case, our approach is helpful. If the repair is manual, the predicted
fix categories from our approach are given to the testers as suggestions so that they can
more quickly fix the bug in the test code. Alternatively, if a LLM such as GPT is used to
fix the test, the category labels are helpful for prompting, as shown in the previous section.
However, as discussed in Section 4.3.7, not all GPT-repaired tests are completely correct
and will pass upon execution. This is primarily reflected in the CodeBLEU score and the
execution results obtained after running a subset of generated tests. We estimate, however,
that a large majority of GPT-repaired test cases should pass, their percentage depending
on the specific prompt being used. A failed generated test will require some manual repair
for it to pass. Our analysis using edit distance reveals that, on average, 16% of the tokens
need to be changed in a failing test for it to exactly match the passing, original-developer
repaired test. Thus, completely fixing flaky test cases does entail some degree of human
effort for a minority of repaired test cases and is not entirely free. However, with newer
GPT versions and better prompting, we can hope for increasingly reliable fixes and passing
test cases in the future.

5.3 Limitations

The limitations of the results can be summarized as follows:

o Dataset: We evaluated both Flakify and FlakyFix using the IDoFT and Flake-
Flagger datasets, which contain Java-based test cases. Although these frameworks
were not tested on other programming languages, we utilized LLMs such as Code-
BERT, UniXcoder, and GPT, which are trained in multiple languages. Thus, we
believe our techniques are adaptable. However, the IDoFT dataset used is relatively
small. To generalize our findings, we need to evaluate larger datasets across different
programming languages.

o Test code input length: On average, 12% of the test cases from the IDoFT dataset
exceed CodeBERT’s 512-token limit, and 4% exceed UniXcoder’s 1024-token limit,
potentially causing information loss and affecting performance. Exploring models
with longer token limits could help, though it may reduce efficiency.

« Better engineering tool for usability: Flakify and FlakyFix should be integrated
into a single engineering tool to enhance usability as an API plugin or browser exten-
sion. Since Flakify detects flaky tests and FlakyFix repairs them, combining them
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into one tool would streamline the process for developers, which is currently lacking
in our approach.

o Use of open source LLMs: In this research, we used the GPT model to generate
flaky test repairs. However, GPT requires paid API calls. To scale our technique for
a higher number of flaky tests, as typically seen in industrial settings, we need to
explore less expensive, open-source models that offer comparable performance.

5.4 Future Work

In this research, we focused on black-box solutions to eliminate flaky tests, specifically by
detecting and fixing flakiness using only the test code. However, a significant proportion
of flaky tests can arise from issues in the production code, which cannot be addressed
by black-box models. Therefore, future work should focus on developing lightweight and
scalable approaches to tackle these root causes of flakiness.

Additionally, existing public datasets are no ideal for evaluating flaky test case predic-
tion approaches, as the ratio of flaky test cases is typically low. The detection of flaky
test cases in these datasets often relies on rerunning tests multiple times while monitoring
their behavior, a technique that may not always yield accurate results. Furthermore, many
open-source projects now utilize Continuous Integration (CI), which provides extensive test
execution histories. Given the frequency of test executions in CI environments and the high
workload on CI servers, test cases may exhibit additional flakiness behaviors that are not
revealed when running tests on dedicated machines.

To address these limitations, we plan to build a larger dataset of flaky test cases specifi-
cally targeting CI contexts. We also intend to expand our flaky dataset with more data and
enhance our heuristics for automatically labeling flaky tests across different programming
languages. Future studies will involve replicating our research with other LLMs using an
updated dataset.

Moreover, we recognize that other types of flaky tests, such as order-dependent and
asynchronous flaky tests, require attention. In the future, we should extend our work to
address these issues as well.
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